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Abstract—Compressed Sensing (CS) is a revolutionary technol-
ogy for realizing low-power sensor nodes through sub-Nyquist sam-
pling, and the CS reconstruction engines have been widely studied
to fulfill the energy efficiency for real-time processing. However, in
most cases, we only want to analyze the problematic signals which
account for a very low percentage. Therefore, large efforts will be
wasted if we recover uninterested signals. On the other hand, in
order to identify the high-risk signals, additional hardware and
computation overhead are required for classification other than CS
reconstruction. In this paper, to achieve low-complexity on-demand
CS reconstruction, we propose a two-stage classification-aided re-
construction (TS-CAR) framework. The compressed signals can be
classified with a sparse coding based classifier, which provides the
hardware sharing potential with reconstruction. Furthermore, to
accelerate the reconstruction speed, a cross-domain sparse trans-
form is applied from classification to reconstruction. TS-CAR is
implemented in electrocardiography based atrial fibrillation (AF)
detection. The average computational cost of TS-CAR is 2.25×
fewer compared to traditional frameworks when AF percentage
is among 10% to 50%. Finally, we implement TS-CAR in TSMC
40 nm technology. The post-layout results show that the proposed
intelligent CS reconstruction engine can provide a competitive
area- and energy-efficiency compared to state-of-the-art CS and
machine learning engines.

Index Terms—Compressed sensing, on-demand reconstruction,
compressed learning, sparse transform, hardware sharing.

I. INTRODUCTION

W IRELESS health-care monitoring offers great potential
to substantially improve patient health, quality of life

and outcomes [1]. Since the electrocardiography (ECG) signal
recorded from the electrical activity of the heart over a period of
time has been utilized for diagnosis for many diseases, the ECG
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telemonitoring [2] is recognized as a promising technique to re-
alize telemedicine. Unfortunately, ECG sensors encounter band-
width limit [1], and the traditional measured-and-compressed
compression approaches cause high power consumption [3].

To extend the lifetime of resource-limited sensor nodes, com-
pressed sensing (CS) [4] is proposed as a revolutionary technique
to efficiently acquire signals through sub-Nyquist sampling [3],
[5]. In addition, the reconstruction of compressively sensed
physiological signals with hardware solution has been widely
studied to fulfill the energy efficiency for real-time processing
at the resource-constrained edge devices [6]–[8].

The prior CS solvers reconstruct every compressively sensed
signal, so doctors can make diagnoses based on reconstructed
signals. However, in most cases, doctors only want to analyze
the problematic physiological signals. Hence, large efforts are
wasted in the prior CS solvers due to the fact that the re-
construction is extremely energy-intensive [9] and uninterested
(or normal) signals are usually far more than interested (or
problematic) signals [10].

To on-demand reconstruct problematic CS signals, the com-
pressed learning (CL) frameworks [11]–[15] have been pro-
posed. CL performs the detection in the compressed domain
and can then be combined with the CS solver, as shown in
Fig. 1(a), which we called CL-REC. Nevertheless, to identify
which signals are problematic, CL-REC required additional
machine learning (ML) chip [16], [17] for classification other
than CS chip for reconstruction.

On the other hand, the residual learning (ResL) frame-
works [18]–[21], as shown in Fig. 1(b), can share the hardware
between classification and reconstruction by comparing the re-
construction error. However, the built-in classification requires
almost full reconstruction for every compresseively sensed
signal.

In this paper, to achieve low-complexity on-demand CS re-
construction with hardware sharing between two stages, we
first propose the CL based on task-driven dictionary learning
plus reconstruction (CL-TDDL + REC) framework. Second,
we enhance the CL-TDDL + REC and propose the two-stage
classification-aided reconstruction (TS-CAR) framework, as
shown in Fig. 1(c). In TS-CAR framework, the on-demand
reconstruction not only shares the hardware with classification
but also reuse the information from classification stage and gets
accelerated. The main contributions of this paper are as follows.

1) To achieve low-complexity on-demand CS reconstruc-
tion, a two-stage classification-aided reconstruction
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Fig. 1. Different frameworks of on-demand CS reconstruction: (a) CL-
SVM/CNN + Reconstruction, (b) Residual Learning, and (c) Proposed
Two-Stage Classification-Aided Reconstruction. (The clocks represent the
computational cost.)

(TS-CAR) framework is proposed. TS-CAR is able to
reconstruct target signals because it can conduct classifi-
cation on highly compressed signals. Therefore, TS-CAR
achieves the on-demand reconstruction. Furthermore, the
reconstruction process can be greatly accelerated because
of the cross-domain sparse transform applied from classi-
fication to reconstruction.

2) This framework is implemented in ECG-based AF
detection. In addition to better classification performance
and reconstruction quality, the average computational cost
of on-demand reconstruction required by the proposed
TS-CAR is 2.37× fewer compared to ResL and 2.25×
fewer compared to CL-REC when the percentage of AF
signals is among 10% to 50%.

3) Based on the proposed TS-CAR framework, the first
2-in-1 intelligent CS solver is proposed. The proposed
CS solver shares the hardware between two stages because
of the same sparse coding computation. Furthermore, the
solver is based on fast iterative shrinkage-thresholding
algorithm (FISTA). To our best knowledge, it is the first
time FISTA is implemented in integrated circuit design.
TS-CAR is implemented in TSMC 40 nm technology,
achieving area-energy efficiency 1.64× compared to ResL
and 6.83× compared to CL-REC.

The rest of this paper is organized as follows. In Section II,
we present the background on compressed sensing, CS re-
construction algorithms, and dictionary learning. We also in-
troduce some closely related CS frameworks. In Section III,
we present the proposed TS-CAR framework. The numerical
experiments and analysis of computational cost are shown in
Section IV. Section V presents the hardware architecture and
VLSI implementation results. Finally, we conclude this paper in
Section VI.

A. Notations

Vectors and matrices are denoted by bold lowercase and
uppercase letters, respectively. α[i] denotes the i-th entry of
a vector α and A[i, j] denotes the (i, j)-th entry of a matrix
A. When Λ is a finite set of indices, αΛ denotes the vector
that carries the entries of α indexed by Λ and AΛ is the matrix
whose columns are those of A indexed by Λ. The subscript,
t, of values, vectors or matrices suggests they are in the t-th
iteration. We denote the transpose of vectors and matrices by
(·)T . We write the absolute value by | · |, �p-norm of a vector by
‖ · ‖p and the Frobenius norm of a matrix by ‖ · ‖F . The function
max(·) outputs the maximum value of the arguments and sgn(·)
extracts the sign of a real number. A � B denotes that B −A
is positive semi-definite.

II. BACKGROUND

A. Preliminaries

1) Compressed Sensing (CS): CS [4], [22] is a revolutionary
technique, which allows acquiring and compressing signals
simultaneously. If the signal is of sparsity in a specific domain,
CS can guarantee almost perfect reconstruction even with fewer
measurements than Nyquist rate requirement. We can model
the compressed sensing signal and the original signal by a CS
measurement matrix as shown in below

x̂ = Φx, (1)

where x̂ ∈ RM , Φ ∈ RM×N , x ∈ RN , N is the original di-
mension and M is the compressed dimension. The entries of
CS measurement matrix can be chosen randomly as long as the
columns in Φ is incoherent with the basis in which the signal
has a sparse representation [4]. In fact, the criteria can be met by
choosing these entries from identically independent distribution
(i.i.d.) of Bernoulli(0.5) or Gaussian(0, 1) [22].

2) CS Reconstruction Algorithms: The reconstruction of x
from x̂ is an underdetermined problem. However, if x has
sparsity in a specific domain as (2), there is a high probability
that it can be perfectly reconstructed.

x = Dα, (2)

where D ∈ RN×d is the sparse representation basis of x and
α ∈ Rd is the sparse coefficients (SC). One method for recon-
struction is using the following �1-norm optimization

α = argmin
α∈Rd

‖α‖1 s.t. ‖x̂−Φ ·Dα‖2 ≤ ε (3)

via algorithms, such as orthogonal matching pursuit (OMP) [23],
subspace pursuit (SP) [24] and fast iterative shrinkage-
thresholding algorithm (FISTA) [25].

Throughout this paper, we apply FISTA to obtain the sparse
coefficients because its better performance compared to OMP
and SP, which is shown in Section IV-C. In addition, FISTA is a
hardware friendly algorithm for our proposed framework, which
we will elaborate in Section V-A. FISTA can be utilized to solve
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�1-norm optimization via this formulation

α(x,D, λ) = argmin
α∈Rd

1

2
‖x−Dα‖22 + λ‖α‖1, (4)

where λ is the sparsity penalty coefficient. Since FISTA is a
gradient descent based algorithm, it can be used to solve a
number of signals at the same time if we modify (4) as

A(X,D, λ) = argmin
A∈Rd×n

L(X,D, λ) (5)

L(X,D, λ) � 1

2
‖X −D ·A‖2F + λ‖A‖1, (6)

where X = [x1 · · ·xn] ∈ RN×n.
3) Dictionary Learning (DL): In real world, signals usually

have sparsity on a specific domain. However, how to find the
basis where signals share the sparse representation is a big
challenge and dictionary learning (DL) is proposed to deal
with such problem. The traditional DL focused on finding the
dictionary, where the target signal can have a sparse coefficients
reconstructing the target signal perfectly [26]–[28]. On the other
hand, dictionary learning can be viewed as a transform layer to
attain SC having predictive information, so the classifier based
on the SC can be of low complexity and high accuracy [29], [30].
The classifier can be a support vector machine and separately
optimized [31] or a linear model and co-optimized with the
dictionary [29].

B. Related Work

1) Compressed Learning (CL): The compressed learning
(CL) frameworks directly perform the inference, such as clas-
sification or regression, in the compressed domain, which are
beneficial both in the compressed sensing and machine learn-
ing points of view. From the CS viewpoint, it eliminates the
abundant cost of recovering irrelevant data; in other words, CL
is like a sieve and makes it possible to only recover the desired
signals. From the ML viewpoint, CS can be regarded as efficient
universal sparse dimensionality reduction from the data domain
to the measurement domain.

The Johnson-Lindenstrauss (JL) embedding of a data set
ensures the Euclidean distances between all pairs of points are
preserved within a small distortion after random projection [32].
Hence, random projections, which are used in CS, preserve
inner products of signals. Moreover, since inner products are at
the core of several machine learning algorithms, the theoretical
guarantees and the application of CL have thus recently received
attention.

Theoretical guarantees of statistical learning in compressed
domain are derived by employing results from JL embedding
and from CS as building blocks [11], [12]. Specially, Calderbank
et al. [11] derive bounds to show that performance of a linear
SVM in the compressed domain is close to the performance
of the best linear classifier in the uncompressed domain. In
addition, sharp bounds are found by discovering that not all
distance are important, and not all details of the data matter in
learning tasks [33], [34].

Correlation-based features are extracted from CS EEG for
seizure detection and from compressed videos for action recog-
nition in [13] and [14], respectively. Different from correlation
features which are linear, non-linear features are extracted di-
rectly from the compressively-sensed data using CNN in [15].
Instead of learning in the measurement domain, the discrim-
inative information is sifted from the compressed signals be-
fore making inference in the sub-eigenspace [35]–[37]. As a
result, the preprocessing of the CS measurements can reduce
the memory overhead and computational cost, while enhancing
the classification performance due to noise mitigation.

CL can then be combined with the reconstruction engine to
achieve the on-demand CS reconstruction, which we called CL-
REC. Nevertheless, CL-REC requires additional hardware such
as ML chip other than CS chip. Furthermore, the classification
process is irrelevant to the reconstruction process, and cannot
help to accelerate the reconstruction.

2) Residual Learning (ResL): The residual learning (ResL)
frameworks aim to classify the signals by comparing the re-
construction error from a learned discriminative dictionary
which consists of class-specific sub-dictionaries for each class.
DLSI [19] learns the sub-dictionaries with a novel penalty term
to make the sub-dictionaries incoherent. COPAR [20] further
points out the non-overlapping subspaces assumption is unre-
alistic in practice. Therefore, a shared dictionary also needs
to be learned to represent the common features. Moreover,
LRSDL [21] contends that the subspace spanned by columns
of the shared dictionary must have low rank. Otherwise, class-
specific features may also get represented by the shared dic-
tionary, diminishing the classification ability. In addition to
learning discriminative dictionary in the Nyquist domain, [18]
further transforms the learned dictionary according to the CS
measurement matrix. In this way, the compressed signals can
be reconstructed with built-in classification. Although ResL
frameworks can share hardware between reconstruction and
classification with reusing sparse coefficients, they need full
reconstruction for every signal. The comparison of the related
CS frameworks is summarized in Table I.

III. PROPOSED TWO-STAGE CLASSIFICATION-AIDED

RECONSTRUCTION FRAMEWORK

Fig. 2 shows the proposed two-stage classification-aided re-
construction (TS-CAR) framework. The green region in Fig. 2
depicts the block diagram of classification stage, which will be
elaborated in Section III-A. On the other hand, the red region in
Fig. 2 describes the reconstruction stage, and it will be further
illustrated in Section III-B. The arrows between two stages
show how the information from classification is reused in the
reconstruction stage.

In addition to viewing TS-CAR from the task perspectives,
Fig. 2 also demonstrates the off-line and on-line of proposed
TS-CAR framework. At the same time, Algorithm 3 summa-
rizes how we can obtain the dictionaries, classifier and sparse
transform from given data and parameters, while Algorithm 4
sums up how we classify the compressed signals and conduct
classification-aided reconstruction if necessary.
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TABLE I
COMPARISON OF CS RECONSTRUCTION FRAMEWORKS

Fig. 2. Proposed TS-CAR framework, including CL-TDDL for the classifica-
tion stage and CAR for the on-demand reconstruction stage.

A. Classification Stage: Compressed Learning-TDDL

In this subsection, we consider the binary classification of
normal ECG signals and AF ECG signals. However, this clas-
sification framework can be extended to other physiological
signals as well as multi-class classification. We first elaborate
how classification dictionary and classifier model are learned in
proposed TS-CAR. After we have these models, we present the
compressed inference. The off-line and on-line for classification
are shown in the green region of Fig. 2.

1) Classification Dictionary and Model Learning: Consider-
ing we have n sample data X ∈ RN×n and their labels y ∈ Rn,
we want to learn a low-complexity classification model which
can be utilized in edge computing. If the signals have sparsity,
predictive DL can serve as an energy-efficient classifier but
have better classification accuracy than the conventional ML
algorithms, such as SVM and CNN [30]. In addition, predic-
tive DL shares the same sparse coding computation with CS
reconstruction, so it provides the hardware sharing potential
for our proposed two-stage classification-aided reconstruction
framework. Thus, we utilize predictive DL as our classification
engine.

Predictive DL consists of two layers. The first layer serves as
a feature extraction layer to transform target signals to sparse
coefficients, while the second layer is a classifier based on the
sparse coefficients from previous layer. Predictive DL optimizes
the following empirical supervised loss

(Dclass,W ) = argmin
D∈Dc,W∈W

fc(D,W , λclass), (7)

where Dc � {D = [d1 · · ·ddclass
] ∈ RN×dclass s.t. ‖dj‖2 ≤

1, ∀j = 1, 2, . . . , dclass},W � Rdclass×2, λclass is the sparsity
penalty used in classification, dclass is the number of atoms in
the classification dictionary and

fc(D,W , λclass) �
1

n

n∑

i=1

�c (yi,W ,αi) +
ν

2
‖W ‖2F , (8)

with αi = α(xi,D, λclass) defined in (4), ν being the regular-
ization coefficient, and �c defined as

�c (yi,W ,αi) � ‖W Tαi − yi‖2F
yi is the one-hot encoding of yi. (9)

In fact, �c can be chosen as any supervised loss and here we
adopt the linear loss with one-hot encoding.

A naive way to optimize (7) is to optimize Dclass and W se-
quentially. Although this method enables easy training process,
the accuracy cannot be optimal. In [29], the authors proposed
task-driven dictionary learning (TDDL) to co-optimize Dclass

and W simultaneously with the help of back propagation.
Therefore, we adopt TDDL as our optimizer and modify it to
be the mini-batch version (MB-TDDL), which is summarized
in Algorithm 1.

2) Compressed Inference: The reconstruction of compressed
signals usually takes much energy, which is an critical issue for
edge devices. However, in most cases, we only want to further
analyze the interested signals, such as problematic physiological
signals. Therefore, if we can classify the target signals into
normal and problematic when they are highly compressed, we
can conduct the reconstruction for problematic signals only. In
other words, we want to execute the compressed inference prior
to the reconstruction, so the on-demand reconstruction can be
realized.

Given an unknown compressed sensing signal x̂ as obtained
by (1), we want to classify it into normal or AF via Dclass

and W derived in (7). However, since Dclass is learned in the
Nyquist domain, we need to first transform Dclass into another
basis where x̂ has sparsity. The new dictionary for x̂ can be
obtained by

Θclass = Φ ·Dclass. (10)

x̂ can have sparse coefficients from Θclass as long as Φ and
Dclass are incoherent enough [4]. Therefore, we can obtain the
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Algorithm 1: Mini-batch Task-Driven Dictionary Learning.
Require

Data: X ∈ RN×n, Label: y ∈ Rn, Initial Dictionary:
D0 ∈ D, Initial Weight: W 0 ∈ W , �1-penalty: λ, The
number of iterations: T , Regularization: ν, Step size: η

1: for t = 1 to T do
2: Pick nb data and concatenate as

Xt = [x1 · · ·xnb
].

3: Compute At = [α1 · · ·αnb
] using �1-norm

optimization (e.g. FISTA):

At ← argmin
A∈Rd×nb

L(Xt,Dt−1, λ).

4: Compute the active set and Bt = [β1 · · ·βnb
]:

5: for i = 1 to nb do

Λ← {j ∈ {1, 2, . . . , d} : At[j, i] �= 0},
βΛc = 0,

βΛ = (DT
t−1ΛDt−1Λ)

−1∇αΛ
�c(yi,W t−1,αi),

βi ← β.

6: end for
7: Update the parameters by a projected gradient step:

Dt ← ΠD
[
Dt−1 − η

(−Dt−1BtA
T
t

+ (Xt −Dt−1At)B
T
t

)]
,

W t ← ΠW [W t−1 − η (∇W �c (yt,W t−1,At)

+ νW t−1)] ,

where ΠW and ΠD are orthogonal projections on the
setsW and D, respectively.

8: end for
9: return DT , W T

predictive sparse coefficients of x̂ by

αclass = argmin
α∈Rdclass

F (α; x̂,Θclass, λclass),

F (α; x̂,Θ, λ) = f(α; x̂,Θ) + g(α;λ)

� 1

2
‖x̂−Θα‖22 + λ‖α‖1. (11)

For simplicity, we will drop dependencies on x̂,Θ, λ, which
should be clear by the context.

Here we adopt FISTA as our optimizer and it works as
following. The gradient of the reconstruction loss is

∇αf(α) = ΘT
classΘclassα−ΘT

classx̂. (12)

Since ΘT
classx̂ is unchanged among iterations, we can calculate

ΘT
classx̂ before starting iteratively optimization. Given the step

size, η, we can start to execute FISTA for �1-optimization. We
first initialize the sparse coefficient vector (α) and the shrunk
vector (β) by zero vector (0) or by given vector. In each it-
eration, t, we update ∇αf(αt−1) in (12) by only calculation
of ΘT

classΘclassαt−1. Then, the updated sparse coefficients

Algorithm 2: Sparse Coding Computation Using FISTA.
Require

Compressed Signal: x̂, Dictionary: Θ, Initial Sparse
Coefficients: α0, �1-penalty: λ, The number of
iterations: T , Step size: η

1: κ0 ← 1, β0 ← α0.
2: for t = 1 to T do
3: Calculate the gradient :

∇αf (αt−1) = ΘTΘαt−1 −ΘT x̂

4: Undergo shrinkage operator:

βt = Sλη (αt−1 − η∇αf (αt−1)) .

5: Compute the coefficient:

κt =
1 +

√
1 + 4κ2

t−1
2

6: Update with momentum:

αt = βt +
κt−1 − 1

κt
(βt − βt−1).

7: end for
8: return βT .

undergo the shrinkage operator, which introduces the sparsity
constraint as (13)

βt = Sλclassη (αt−1 − η∇αf (αt−1)) , (13)

where Sχ(α) is the shrinkage operator of threshold χ and will
update each entry of α by

Sχ(α)[j] = (|α[j]| − χ)+ sgn(α[j]),

j = 1, 2, . . . , dclass (14)

(ξ)+ = max(ξ, 0). (15)

Asλ becomes larger, there will be more zero entries inβt, which
can directly be observed via (14) and (15). Finally, the sparse
coefficients are obtained by the linear combination of current
shrunk vector and the previous shrunk vector as (16), which can
be viewed as a momentum acceleration method.

αt = βt +
κt−1 − 1

κt
(βt − βt−1), (16)

where κt =
(
1 +

√
1 + 4κ2

t−1
)
/2 and κ0 = 1. After the fixed

iteration (T ) or termination threshold (ζ) we will obtain the
sparse coefficients, namely, αclass. Multiplying αclass by W T

and choosing the bigger probability, we can classify x̂. To the
best of the author’s knowledge, it is the first time TDDL is
utilized for the compressed learning.

Here we state the complexity result of FISTA in our setting by
following the theorem in [25] and encourage interested readers
to check the detail. We first take the derivative of ∇αf(α) in
(12) and show that it is L-smooth, where L is the maximum
eigenvalue of ΘTΘ as below

∇2
αf(α) = ΘTΘ � LI, (17)
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Fig. 3. The sparse coding coefficients of α̃rec and αrec.

Fig. 4. The original AF signal and reconstructed AF signals via sparse coefficients from (a) classification stage, (b) sparse transform stage, and (c) CAR stage.

where ΘTΘ � LI suggests LI −ΘTΘ is positive semi-
definite. Then, let {αt} and {βt} be generated by FISTA in
Algorithm 2 and choose stepsize η = 1/L. We have the follow-
ing result

F (βt)− F (β�) ≤ 2L
(t+ 1)2

‖β0 − β�‖22. (18)

In other words, if we want to get an ζ-optimal solution β′ such
that F (β′)− F (β�) ≤ ζ, we need at most C iterations, where

C =

⌈√
2L
ζ
‖β0 − β�‖2 − 1

⌉
. (19)

There are two direct observations from (19): 1) we know the
complexity result is O(1/T 2) or O(1/√ζ) and 2) A good
initialization point can reduce the error by a constant factor. The
observation 2) motivates us to think if we can reuse the informa-
tion in the classification stage to accelerate the reconstruction
speed. We can consider the αclass from the classification stage
as coarse sparse coefficients. With an effective transform, it will
definitely serve as a good initialization point for the refined
sparse coefficients in the reconstruction stage. We propose the
sparse transform in Section III-B1 and use Figs. 3 and 4 to
demonstrate its efficacy in Section III-B2.

In fact, there are many other algorithms can be utilized for
�1-optimization, such as OMP and SP. However, in our case,
FISTA outperforms them in both classification accuracy and
reconstruction quality, which will be further compared in Sec-
tion IV-C. In addition, FISTA has good hardware feasibility and
has similar architecture for both classification and reconstruc-
tion, which is elaborated more in Section V-A. Therefore, we

utilize FISTA to acquire SC in both training and inference for
classification and reconstruction. The FISTA for �1-optimization
is summarized in Algorithm 2.

B. Reconstruction Stage: On-Demand Classification-Aided
Reconstruction

In this subsection, we consider the reconstruction of the com-
pressed signals, such as compressed sensing ECG signals. To
start with, we learn the reconstruction dictionary in the Nyquist
domain. In addition, we reuse the information obtained at the
classification stage, namely, the predictive sparse coefficients
(αclass). To be more specific, we proposed a sparse transform,
so the sparse coefficients (αclass) based on the classification
dictionary (Dclass) are transformed to the reconstruction dictio-
nary. As for the on-line stage, we will execute the reconstruction
only if the target signal is classified as problematic signal. We
can reuse the information in the classification stage via the
learned sparse transform, so the reconstruction stage has a good
initial point. This is the reason why it is named classification-
aided reconstruction (CAR). CAR can largely accelerate the
reconstruction speed, which will be further illustrated in
Section IV-B2. The red region in Fig. 2 illustrates the connection
between off-line training and on-line inference. In addition, the
training and inference process are summarized in Algorithm 3
and Algorithm 4, respectively.

1) Reconstruction Dictionary and Sparse Transform Learn-
ing: In the proposed TS-CAR, we only focus on the
on-demand reconstruction, which means we only want to re-
construct the interested signals, for example AF signals in ECG
monitoring. Therefore, considering we have nAF AF signals,
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Algorithm 3: Two-Stage Classification-Aided Reconstruc-
tion (Off-Line).

Require
Data: X ∈ RN×n, Label: y ∈ Rn, Initial Dictionaries:
Dc0 ∈ Dc, Dr0 ∈ Dr, Initial Weight: W 0 ∈ W ,
�1-penalty: λclass, λrec, The number of iterations:
Tclass, Trec, Regularization: ν, Step size: η

1: Compute classification dictionary:

Dclass,W←MB-TDDL(X,y,Dc0,W 0, λclass, Tclass, ν, η).

2: Compute reconstruction dictionary:

Drec ← ODL(XAF ,Dr0, λrec, Trec).

3: Compute sparse transform:

Aclass ← argmin
A∈Rdclass×nAF

L(XAF ,Dclass, λclass),

Arec ← argmin
A∈Rdrec×nAF

L(XAF ,Drec, λrec),

T ← argmin
T∈Rdrec×dclass

‖Arec − T ·Aclass‖F .

4: return Dclass, W , Drec, T

XAF = [x′1 · · ·x′nAF
] ∈ RN×nAF ⊂X , we can obtain the re-

construction dictionary via following optimization

Drec = argmin
D∈Dr

fr(D, λrec), (20)

where Dr � {D = [d1 · · ·ddrec
] ∈ RN×drec s.t. ‖dj‖2 ≤

1, ∀j = 1, 2, . . . , drec}, λrec is the sparsity penalty used in
reconstruction, drec is the number of atoms of atoms in the
reconstruction dictionary and

fr(D, λrec) �
1

nAF

nAF∑

i=1

�r(x
′
i,D, λrec), (21)

�r(x
′
i,D, λrec) =

1

2
‖x′i −Dα′i‖22 + λrec‖α′i‖1, (22)

with α′i = α(x′i,D, λrec) defined in (4). We can obtain the
reconstruction dictionary via online dictionary learning (ODL),
which shows the state-of-the-art performance in both speed and
optimization [28].

The training of reconstruction dictionary and classification
dictionary share with the same building block, namely, sparse
coding computation, but the �1 penalty should be carefully cho-
sen. For classification dictionary, λclass should better be chosen
not too small since strong �1 penalty implies high sparsity.
With high sparsity, the classifier (W ) can be designed with
low complexity [38]. On the other hand, for reconstruction
dictionary, λrec should better be chosen not too big. This is
due to the fact that we want to more focus on the reconstruction
�2 loss.

Inspired by only different �1 penalty choice, we consider
the two sparse coefficients of classification dictionary and re-
construction dictionary may be connected by some transform.

Algorithm 4: Two-Stage Classification-Aided Reconstruc-
tion (On-Line).

Require
Data: x̂ ∈ RM , Classification Dictionary:
Dclass ∈ Dc, Reconstruction Dictionary: Drec ∈ Dr,

Weight: W ∈ W , Sparse Transform: T ∈ Rdrec×dclass ,
Sensing Matrix: Φ ∈ RM×N , �1-penalty for
classification: λclass, �1-penalty for reconstruction: λrec

1: Θclass ← Φ ·Dclass, Θrec ← Φ ·Drec

Stage One: Classification
2: Compute sparse coding for classification (e.g. FISTA):

αclass ← argmin
α∈Rdclass

1

2
‖x̂−Θclassα‖22 + λclass‖α‖1.

3: Classify the signal:

p = W Tαclass.

4: if p[1] > p[2] then
5: yest ← 0.
6: return yest.
7: else
8: yest ← 1.
9: Conduct classification-aided reconstruction:
Stage Two: Classification-Aided Reconstruction

10: Sparse transform:

α̃rec = Tαclass.

11: Compute sparse coding for reconstruction with
initial α̃rec (e.g. FISTA):

αrec ← argmin
α∈Rdrec

1

2
‖x̂−Θrecα‖22 + λrec‖α‖1.

12: Compute reconstructed signal:

xest = Drecαrec.

13: return yest, xest.
14: end if

Some similar issues are concerned in computer vision society.
For example, the sparse coefficients of the signal in the low-
resolution dictionary can be used to well reconstruct its paired
signal in the high-resolution dictionary [39]. In addition, the
cross-view action recognition can relate pictures in one camera
to other cameras by cross-domain transform [40]. Therefore, we
proposed a linear sparse transform to map αclass to the sparse
coefficients on Drec. This sparse transform is learned by the
following

T = argmin
T∈Rdrec×dclass

‖Arec − T ·Aclass‖F , (23)

where Aclass and Arec are the sparse coefficients of XAF on
Dclass and Drec, respectively.

2) Classification-Aided Reconstruction: Consider the same
compressed signal in classification stage, x̂, if x̂ is classified to
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be problematic, we will execute the on-demand reconstruction.
Because Drec is learned in the Nyquist domain, we also need
to transform the learned dictionary according to the Φ via

Θrec = Φ ·Drec. (24)

After this step, we can start classification-aided reconstruction
(CAR).

We first use sparse transform to map the sparse coefficients
of the classification dictionary to the reconstruction dictionary,
namely,

α̃rec = Tαclass. (25)

Taking α̃rec as an initial point, we then utilize the similar
operations in (12), (13), (16), or Algorithm 2, to solve the
following optimization

αrec = argmin
α∈Rdrec

F (α; x̂,Θrec, λrec) (26)

with λclass, dclass and Θclass are replaced by λrec, drec and
Θrec, respectively. Fig. 3 shows an example of proposed sparse
transform. It is observed that α̃rec is very closed to αrec. There-
fore, it is reasonable that the information reuse can accelerate the
reconstruction speed. The results showed α̃rec can have half as
many iterations required by the zero vector initial point, which
will further be presented in Section IV-B2.

Fig. 4 compares the reconstruction results based on αclass in
(11), α̃rec in (25) and αrec in (26), where α̃rec and αrec are
also depicted by blue and red stem plots in Fig. 3. It is observed
αclass can roughly reconstruct x̂ and catch the major peaks.
After sparse transform, α̃rec can mitigate the fluctuation of small
amplitude region. Finally, the αrec can perfectly reconstruct x̂
with less than 6% percent root mean square difference (PRD),
where PRD is defined as

PRD � ‖x− xrec‖2
‖x‖2 × 100% (27)

and xrec is the reconstructed signal. Fig. 4 also implies Dclass

can be viewed as a low-resolution dictionary, possibly due
to the fact of large �1 penalty, while Drec can be viewed
as a high-resolution dictionary. Therefore, the learned sparse
transform served as an effective but efficient linear mapping
from low-resolution to high-resolution. To the best of the au-
thor’s knowledge, it is the first time the cross-domain trans-
form is applied to different tasks, namely, from classification to
reconstruction.

IV. NUMERICAL EXPERIMENTS AND ANALYSIS OF

COMPUTATIONAL COST

A. Experimental Settings

We use a case study of AF detection to validate the benefits of
our proposed algorithm. Raw ECG signals were recorded from
the intensive care unit (ICU) of stroke in National Taiwan Uni-
versity Hospital (NTUH). There are total 231 non-AF records
and 58 AF records labeled by doctors, where each record spans
ten minutes at sample frequency of 512 Hz. The original ECG
signals are segmented into several N = 512-point samples. We
randomly sample 3500 seconds from non-AF and AF records

TABLE II
PARAMETERS SETTING FOR LEARNING MODELS

Fig. 5. The accuracy under different number of atoms in the dictionary.

respectively and divide these samples into 5000 for training
and 2000 for testing. Then, we apply random projection in CS
on each sample to obtain the compressed sensing signal with
measured dimension, M = 128, using Bernoulli matrix, whose
entries are randomly chosen from i.i.d.Bernoulli(0.5). The
simulation is run with 100 trails to ensure the robustness under
random measurement matrix.

We compare our system with other state-of-the-art algorithms.
In Section IV-B1, we compare the classification accuracy and
computational cost, which is the required number of multiplica-
tions, of proposed compressed learning by TDDL (CL-TDDL)
with residual learning by DLSI [19] (ResL-DLSI), residual
learning by LRSDL [21] (ResL-LRSDL), compressed learning
by SVM (CL-SVM) and compressed learning by CNN (CL-
CNN). On the other hand, we contrast the reconstruction quality
and computational cost of proposed classification-aided recon-
struction (CAR) with FISTA of zero vector initialization (REC)
and ResL in Section IV-B2. The hyper-parameters of all these
algorithms are determined by the validation and the detailed
search pool is summarized in Table II. Finally, in Section IV-B3,
we draw the overall comparison between four classification plus
reconstruction frameworks, namely, ResL, CL-CNN + REC, the
proposed CL-TDDL + REC and the proposed TS-CAR.

B. Evaluation of TS-CAR Framework

1) Evaluation of CL-TDDL: Fig. 5 shows the accuracy under
different number of atoms in the dictionary. It is observed CL-
SVM and CL-CNN have 94% and 93% accuracy, respectively.
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TABLE III
COMPUTATIONAL COST OF DIFFERENT CLASSIFICATION ALGORITHMS

Fig. 6. The PRD under different number of atoms in the dictionary.

To have the similar accuracy as CL-SVM and CL-CNN, the
proposed CL-TDDL needs 100 atoms; however, other DL-based
algorithms, such as ResL-DLSI and ResL-LRSDL, need 200
atoms to reach about 90% accuracy.

The computational cost of classification algorithms is sum-
marized in Table III. In DL-based algorithms, such as ResL and
the proposed CL-TDDL, the complexity is dominated by the
gradient computation times the number of iterations in FISTA.
To reach above 90% accuracy, we choose dclass = 100 for
CL-TDDL, dtotal = 200 for ResL and iterSC = 25 for all three
algorithms. It is observed the proposed CL-TDDL has the lowest
computational cost because of utilizing the sparsity in nature
signals, which serves as an efficient classifier. Therefore, the
proposed CL-TDDL only has low overhead, making it the most
appropriate classifier for compressed inference.

2) Evaluation of CAR: Fig. 6 shows the PRD under different
number of atoms in the dictionary. Since the proposed CAR and
REC use the same dictionary, we plot the curve of REC and CAR
together. It is observed REC or CAR needs only 100 atoms to
have PRD lower than 9%, while ResL needs about 200 atoms.
Compared to Fig. 5, ResL has better accuracy and lower PRD as
the number of atoms increasing. In other words, the performance
of ResL relies on the full reconstruction, so the dictionary is not
specialized as our proposed TS-CAR. Therefore, ResL requires
more computation to reach similar PRD as proposed TS-CAR.

Fig. 7 shows the PRD under different iterations in FISTA. The
proposed CAR evidently accelerates the reconstruction, which
can be seen from the initial PRD and the convergence speed. The

Fig. 7. The PRD under different number of iterations in the sparse coding.

TABLE IV
COMPUTATIONAL COST OF DIFFERENT RECONSTRUCTION ALGORITHMS

initial PRD demonstrates that the proposed sparse transform well
reuses the information from the classification stage, and thus
provides a better starting point. As for the convergence speed,
we choose 7% PRD as our comparison criterion since ResL can
only reach about 7% PRD no matter how many the iterations are.
It is observed that the proposed CAR only needs 25 iterations to
reach about 7% PRD, while REC requires 40 iterations.

The computational cost of reconstruction algorithms is sum-
marized in Table IV. To reach about 7% PRD, we choose
dtotal = 200 for ResL, drec = 150 for REC and the proposed
CAR, iterrec = 40 for REC and iterCAR = 25 for the proposed
CAR. For ResL, after classification, we only need to pay the
overhead computation by N × dtotal. Nonetheless, we want to
highlight again ResL conducts the full reconstruction in the
classification stage, so ResL doesn’t possess the property of
on-demand reconstruction. For REC and the proposed CAR,
we need to compute the sparse coding again. However, with in-
formation reuse, we only need to pay the negligible computation
of sparse transform to evidently reduce the number of iterations,
and thus achieve less computational cost.

3) Analysis of Computational Cost of Different Frameworks:
To compare different classification plus reconstruction frame-
works, we summarizes the accuracy, PRD and computational
cost in Table V. The proposed TS-CAR has the lightest classifier,
while the sparse transform can further reduce the computational
cost in reconstruction. Therefore, the proposed TS-CAR only
has the computational cost equals to the reconstruction stage of
CL-CNN + REC or ResL (ResL conducts full reconstruction in
the classification stage). In other words, we don’t pay any addi-
tional overhead, but we can realize on-demand reconstruction.
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TABLE V
PERFORMANCE AND COMPLEXITY OF DIFFERENT CLASSIFICATION PLUS

RECONSTRUCTION FRAMEWORKS

Fig. 8. The required number of multiplications versus the percentage of AF
signals for different on-demand CS reconstruction frameworks.

Fig. 8 shows the total number of multiplications versus dif-
ferent percentages of AF signals. The number of multiplications
is calculated by the number of computations in classification
added by the number of computations in reconstruction times
the percentage of AF signals. It is observed ResL-DLSI has
high number of multiplications under all percentages of AF
signals because ResL-DLSI needs the full reconstruction in
classification stage.

When the percentage of AF signals is low, the number of
multiplications is dominated by the classification stage. Our
proposed CL-TDDL takes the advantage of sparsity, making
the classifier have the lowest computational cost and outper-
form ResL-DLSI and CL-CNN. On the other hand, when the
percentage of AF signals is high, the computation requirement
for reconstruction cannot be neglected. We proposed the CAR
to reuse the information obtained in the classification stage and
largely reduces the computational cost. In summary, the average
computational cost of on-demand reconstruction required by the
proposed TS-CAR is 2.37× fewer compared to ResL and 2.25×
fewer compared to CL-REC when the percentage of AF signals
is among 10% to 50%.

C. Comparison of Sparse Coding Computation Algorithms

We compare FISTA with other SC computation algorithms,
such as OMP and SP. The ACC, PRD and the hyper-parameters

TABLE VI
PERFORMANCE OF CS RECONSTRUCTION ALGORITHMS

are summarized in Table VI, where the dictionary size is deter-
mined by previous sections and the termination criteria is based
on the specific threshold, ζ. It is observed FISTA noticeably
outperforms OMP and SP in reconstruction quality since we
only consider PRD < 9% as acceptable reconstruction [42]. As
for classification performance, FISTA is the best. Although SP
may have good accuracy, it requires known sparsity, k; however,
k is used to be unavailable in practical situations.

V. ARCHITECTURE DESIGN AND VLSI IMPLEMENTATION

In this section, based on the on-line stage of TS-CAR algo-
rithm (Algorithm 4) and sparse coding computation using FISTA
(Algorithm 2), we propose an intelligent CS reconstruction
engine. The proposed engine can classify compressed signals
and conduct the reconstruction only for the signals which are
identified as interested (or problematic) ones, saving abundant
energy and time to reconstruct uninterested (or normal) signals
which are far more than high-risk signals.

As discussed in the previous section, N = 512, M =
128, dclass = 100, drec = 150, λclass = 0.1, λrec = 0.005,
iterSC = 25 for both classification and on-demand reconstruc-
tion, and nc = 2 for binary classification are used in the im-
plementation of the proposed TS-CAR on ECG AF detection
task.

A. Hardware Implementation Reasons for Choosing FISTA

Matching pursuit (MP) based sparse coding algorithms, which
applied in prior CS reconstruction engines [6]–[8], update the
support set and compute the corresponding sparse coefficients
in each iteration. Different from MP-based algorithms, FISTA
is based on proximal gradient descent and thus has several
advantages in hardware design.

The support set in MP-based algorithm will lead to the trade-
off between reconstruction performance and implementation
cost. The sparsity is different in each nature signal. Hence,
the design should support the maximum sparsity in the signals;
otherwise, the performance will degrade. However, the hardware
cost and the computational overhead will also increase when
the size of the support set increases. On the contrary, FISTA is
more flexible without support set, and can be more universal
to the nature signals with arbitrary sparsity. In addition, the
nature of gradient descent in FISTA avoids complicated matrix
decomposition design, which usually sacrifices flexibility in
updating support set in order to prevent the high-complexity
computation of the pseudo-inverse in least-square [8]. On the
other hand, other than dictionary choice, the only difference
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Fig. 9. Proposed hardware sharing architecture for TS-CAR.

between sparse coding computation in the classification and
reconstruction is the �1 penalty. Therefore, applying FISTA can
allow TS-CAR to easily switch between two stages by adjusting
the threshold in the shrinkage operator without any extra control
strategy.

B. Hardware Sharing Architecture

The overall architecture of the proposed engine is shown in
Fig. 9. It consists of five memory banks, six main memory
buffers, and four main arithmetic units. The entries of the matrix,
such as ΘT , ΘTΘ, W T , and T , will be memorized in the
memory banks. The memory buffers include x̂, ΘT x̂, αt, βt,
the data from the memory banks, and the temporal buffers. The
arithmetic units includes the inner product unit consisting par-
allel multipliers and adder-tree, similar to the structure depicted
in [7], the adder unit, the multiplier unit, and the shrinkage
operator.

There are two levels of hardware sharing design in the pro-
posed engine. First of all, the computation in the classification
and reconstruction stage is almost the same, so we can use a
single hardware to conduct both tasks. Second, different steps
in TS-CAR engine, such as gradient calculation in FISTA in
(12), weighted sum of predictive sparse coefficients and sparse
transform in (25), all require the same matrix-vector multipli-
cation. Furthermore, those processes are computed in sequence.
Thus, these steps share the inner product and adder unit.

C. Data Path of Each Step in Execution Flow

The execution flow of the proposed engine is shown in Fig. 10.
In the configuring stage, the entries of the matrices are stored in
the memory banks. The classification and reconstruction process
share the same operation, namely FISTA algorithm for sparse
coding, which is the left cycle in the execution flow chart. First,
the compressed signal is classified by computing predictive
sparse coding and weighted sum. If the signal is uninterested, the
TS-CAR engine will classify next target signal. On the contrary,
if the signal is interested, the TS-CAR engine will conduct sparse
transform and compute reconstructive sparse coding. At last, the

Fig. 10. Execution flow of the proposed TS-CAR engine.

TS-CAR engine will output the reconstruction result and turn to
the next compressed signal.

Each step in the execution flow chart has its own color, and
arithmetic units in the architecture with corresponding color
represent the activated data path in that step. The detail data
path of each step is as follows.

1) Gradient calculation (blue): Since ΘT x̂ is unchanged
among iterations, ΘT x̂ can be calculated and stored be-
fore starting iterative optimization in FISTA. The com-
pressed signal is shifted into the x̂ buffers and will be
inputted into the inner product unit with ΘT

class or ΘT
rec

from the memory banks. In our design, the inner product
unit can only process 10 entries of data vector at a time.
Therefore, we partition the entire matrix vector product
into 13 times sub-matrix vector product. In each time, it
takes 100 cycles and 150 cycles to calculate the entire
sub-matrix vector product for each column in classifica-
tion and reconstruction dictionary, respectively. The result
of calculation from the inner product unit will be added
with the value in the temporal buffers and stored back to
the temporal buffers. At the end of calculating ΘT x̂, the
value in the temporal buffers will be copied and stored into
the ΘT x̂ buffers.
In each iteration, t, the gradient is updated by only cal-
culation of ΘTΘαt−1. The sparse coefficients in the αt

buffers and ΘT
classΘclass or ΘT

recΘrec from the memory
banks are inputted into the inner product unit. The initial
value inside the temporal buffers is ΘT x̂. Similar to
previous, it takes 10 × 100 cycles and 15 × 150 cycles
to calculate the matrix vector product in classification and
reconstruction, respectively.

2) Undergoing shrinkage operator (red): After gradient cal-
culation, the updated sparse coefficients undergo the
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shrinkage operator, which introduces the sparsity con-
straint as (13). ∇αf(αt−1) in the temporal buffers will
be added to the sparse coefficients in the αt buffers, and
be inputted to the shrinkage operator. The new shrunk
term βt from the shrinkage operator is stored to the
temporal buffers and the αt buffers. The threshold in the
shrinkage operator is ηλclass and ηλrec in classification
and reconstruction, respectively.

3) Nesterov acceleration with momentum (green and brown):
The new sparse coefficients αt are obtained by the linear
combination of new shrunk term and the previous shrunk
term as (16). In momentum calculation stage, the pre-
vious shrunk term from the βt buffers will go through
an inverted and be added to the new shrunk term in the
temporal buffers. After that, the results will be multiplied
by the momentum coefficients which can be pre-computed
off-line and stored in the circuits, and the momentum will
be then stored into the βt buffers.
In stage Nesterov combination, the momentum in the
βt buffers will be added to the new shrunk term in the
temporal buffers, and the new sparse coefficients αt will
be stored into the αt buffers. At the end of this stage, the
number of iterations in FISTA will add one. In order to
prepare for the gradient calculation in the next iteration,
the new shrunk term in the temporal buffers will be copied
and stored into theβt buffers, and the pre-computed partial
gradient in the ΘT x̂ buffers will be copied and stored into
the temporal buffers.

4) Weighted sum in classification (blue and gray): The prob-
ability is obtained from multiplying the predictive sparse
coefficients αclass by W T . αclass in the αt buffers and
W T from the memory banks are inputted into the inner
product unit. The initial value inside the temporal buffers
is the bias of the linear model. Similar to previous, it
takes 10× 2 cycles to calculate the matrix vector product.
After calculating the probability, the estimated label is
determined by choosing the bigger probability.

5) Sparse transform in reconstruction (blue): The predictive
sparse coefficients which are identified as problematic
ones will be transformed to the estimated reconstructive
sparse coefficients α̃rec as (25). αclass in the αt buffers
and T from the memory banks are inputted into the inner
product unit. Similar to previous, it takes 10× 150 cycles
to calculate the matrix vector product. At the end of
calculating α̃rec, the value in the temporal buffers will
be copied and stored into the αt and the βt buffers as the
initial point of the reconstructive sparse coding.

D. Fixed-Point Analysis

The data bits used in the arithmetic units, memory buffers,
and memory banks determine the hardware efficiency of the
proposed TS-CAR. To make a fair comparison with state-of-
the-art CS engine [6], the data bits of the arithmetic units and
the memory buffers in the TS-CAR engine is set to be 32-bit
fixed-point format. For memory banks, such as ΘT , ΘTΘ,
W T , and T , we conduct fixed-point analysis to decide the

Fig. 11. (a) Accuracy and (b) PRD under different fractional bits.

Fig. 12. Layout of the proposed on-demand CS reconstruction engine.

TABLE VII
COMPARISON OF THE ML, CS, AND TS-CAR ENGINES

*Technology scaling to 40 nm: delay∼ 1/S, power ∼ 1/U2, where S = L/40

nm and U = VDD/0.9V . †Without on-chip memory for sensing matrix.

minimal required fractional bits by evaluating the classification
performance and the reconstruction quality as the integer bits is
set to be 3. As shown in Fig. 11, the proposed TS-CAR algorithm
has almost the same performance as float-point counterpart when
we use 15 fractional bits. Hence, each entry stored in memory
banks is set to be signed 19-bit word length consisting of 1 sign
bit, 3 integer bits, and 15 fractional bits.

E. Implementation Results and Comparisons

The proposed TS-CAR engine is implemented in TSMC
40 nm technology by using Cadence Innovus tool. Fig. 12 shows
the IP layout of the intelligent CS reconstruction engine. The
core area is 0.41 mm2 at 135 MHz operation frequency.

Table VII shows a comparison of the proposed TS-CAR
engine, which can achieve both classification and reconstruction,
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with the state-of-the-art ASIC designs of ML and CS recon-
struction engines. To make a fair comparison, we normalized
the area and energy consumption of the classification engine ac-
cording to the technology and the CNN model size described in
Table II. Since the design goal in the low-complexity on-demand
CS reconstruction is area- and energy-efficient, we defined the
area-energy-efficiency (AEE, in Sample/(μJ × mm2)) as

AEE =
1

Energy Efficiency× Area
, (28)

which describes the computation ability provided by energy
consumption and silicon cost in order to identify the problematic
compressed signals and conduct reconstruction.

In the CL-CNN + REC framework, a compressed signal is
first processed by the ML chip. If the signal is problematic, it
will be reconstructed by the CS chip. Therefore, the AEE of the
CL-REC framework is 1/((1.32 + 0.39)× (4.64 + 5.13)) = 0.06,
which is quite low because of double hardware and computation
overhead. On the contrary, the proposed TS-CAR engine shares
the hardware for compressed inference and on-demand recon-
struction. Referring to the execution flow in Fig. 10, it takes
33751 cycles to classify, and 70780 cycles to further conduct
sparse transform and full reconstruction of AF signal. Therefore,
the AEE of the proposed engine is 1/(5.88 × 0.41) = 0.41. In
the ResL framework, larger dictionary is required (dtotal = 200
in Section IV-B). Therefore, the core area is normalized to
0.48 (mm2), the power is normalized to 9.56 (mW), and the cycle
count is 117330 according to Fig. 10. Hence, the AEE of ResL
framework is 1/(8.31 × 0.48) = 0.25. Nonetheless, we want
to emphasize again ResL wastes lots of efforts to reconstruct
uninterested (or normal) signals, and the computational cost is
analyzed in Section IV-B3. In summary, the AEE of the proposed
2-in-1 intelligent CS reconstruction chip based on TS-CAR
algorithm is 1.64× compared to ResL and 6.83× compared to
CL-REC.

VI. CONCLUSION

In this work, to eliminate the abundant cost of recovering
irrelevant data, we proposed a novel two-stage CS on-demand
reconstruction framework. The proposed TS-CAR framework
can not only directly classify the compressed signals, but also
accelerate the reconstruction speed by using the information in
classification. The average computational cost of on-demand
reconstruction required by the proposed TS-CAR is 2.25× fewer
compared with prior related CS frameworks when the percentage
of interested signals is among 10% to 50%. In ASIC design,
the post-layout results show that the proposed intelligent CS
reconstruction engine based on TS-CAR framework can provide
a competitive area- and energy-efficiency compared to state-of-
the-art CS and ML engines because of the hardware sharing
design between classification and reconstruction.
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