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Abstract: 

Compressive sensing (CS) has provided a robust framework for reconstructing high-dimensional 

signals from sub-Nyquist measurements. Recently, the generative power of Conditional Diffusion 

Models (CDMs) has opened new avenues for solving ill-posed inverse problems. Inspired by these 

advancements, we propose CDM-CSNet, a novel deep generative framework that integrates the 

CS measurements as guiding values for diffusion models. Unlike vanilla diffusion models that 

may produce stochastic hallucinations, CDM-CSNet leverages a dual-condition strategy: it fuses 

the structural constraints of the CS sampling matrix with the fidelity information of 

low-dimensional measurements to serve as a non-parametric prior. This integration effectively 

constrains the generative search space, mitigating the inherent uncertainty of the reverse diffusion 

process and ensuring that the synthesized outputs are both visually realistic and mathematically 

consistent with the original signal. Furthermore, the proposed model demonstrates solid scalability, 

enabling high-fidelity image reconstruction over a wide range of sampling ratios. Extensive 

experimental results on multiple benchmark datasets validate that CDM-CSNet not only achieves 

reconstruction accuracy but also preserves intricate structural details that conventional methods 

often fail to capture. 
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Abstract Compressive sensing (CS) has emerged as a pivotal paradigm in sig-
nal processing, offering a robust framework for reconstructing high-dimensional
signals from sub-Nyquist measurements. Recently, the remarkable generative
power of Conditional Diffusion Models (CDMs) has opened new avenues for
solving ill-posed inverse problems. Inspired by these advancements, we pro-
pose CDM-CSNet, a novel deep generative framework that integrates the CS
measurements as guiding values for diffusion models. Unlike vanilla diffusion
models that may produce stochastic hallucinations, CDM-CSNet leverages a
dual-condition strategy: it fuses the structural constraints of the CS sampling
matrix with the fidelity information of low-dimensional measurements to serve
as a non-parametric prior. This integration effectively constrains the genera-
tive search space, mitigating the inherent uncertainty of the reverse diffusion
process and ensuring that the synthesized outputs are both visually realis-
tic and mathematically consistent with the original signal. Furthermore, the
proposed model demonstrates solid scalability, enabling high-fidelity image
reconstruction over a wide range of sampling ratios. Extensive experimental
results on multiple benchmark datasets validate that CDM-CSNet not only
achieves reconstruction accuracy but also preserves intricate structural details
that conventional methods often fail to capture.

Keywords Compressive sensing · Denoising diffusion probabilistic model ·
Conditional diffusion model · Deep learning · Residual recovery

1 Introduction

Compressive sensing (CS) is a signal processing theory, which subverts the
traditional paradigm of signal sampling and compression [1]. It aims to recon-
struct high-dimensional signals from far fewer samples than required by the
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Nyquist sampling theorem. By combining the sampling and compression pro-
cesses, CS greatly reduces the hardware requirements and improves the sam-
pling efficiency. With proper reconstruction algorithms utilized, high-quality
signal reconstruction can be achieved. CS has been widely applied in many
fields, including single-pixel imaging [2], magnetic resonance imaging [3], video
transmission [4].

The reconstruction process is one of the key steps in CS and is usually
formulated as a sparse regularized optimization problem. Traditional CS re-
construction algorithms are typically iterative with convergence guarantee and
complete theoretical foundation [5], [6]. However, such algorithms encounter
the issue of high computational complexity [7].

With the development of artificial intelligence technology [8,9], deep learning-
based CS reconstruction methods have attracted considerable attention due
to their high efficiency [10] - [11]. The well-known works include but are not
limited to the stacked denoising autoencoder (SDA) [10], the ReconNet [12],
the DR2-Net [13] and the CSNet [14]. These deep learning-based methods for
CS reconstruction are usually non-iterative, meaning that they can recover
signals with fewer computations via neural networks. Therefore, the recon-
struction time is greatly reduced.

Recently, deep generative models have provided a new perspective for solv-
ing inverse problems in compressive sensing reconstruction. Among them, gen-
erative adversarial networks (GANs) have attracted considerable attention be-
cause they are able to generate visually realistic images by learning the un-
derlying data distribution [15]. However, the adversarial training process in
GANs is often unstable, which can limit their robustness in highly ill-posed
reconstruction tasks. In contrast, diffusion models learn the data distribution
through a gradual noising and denoising process, and generally provide more
stable optimization and stronger generative priors [16,17]. These properties
make diffusion models particularly attractive for compressive sensing recon-
struction, especially under high-compression scenarios where the reconstruc-
tion problem becomes more challenging.

As a representative diffusion model, the denoising diffusion probabilistic
model (DDPM) demonstrates significant potential and advantages in the field
of image generation, offering an innovative and effective paradigm for deep
generative modeling [16]. Although the DDPM is established on probabilistic
modeling principles, it has been shown to generate high-quality and diverse
images. The applications of DDPM include image generation [16], image super-
resolution [18], image inpainting [19] and image editing [20]. Starting from
random Gaussian noise, by repeatedly performing iterative denoising with a
latent variable model, the DDPM transforms the image from a high-noise
state to one close to the true distribution. Recently, Dhariwal proposed the
condition-guided DDPM (CDDPM), which could even outperform state-of-
the-art GAN-based methods in image generation tasks [21]. Given conditions
in both training and inference, conditional image generation enhances the con-
trollability of image generation tasks. The CDDPM has the advantages of high
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quality and consistency in condition-guided image generation, and shows great
potential in practical applications.

Stimulated by the brilliant performance of CDDPM in image generation,
we investigate a novel deep generative network named the conditional diffusion
model (CDM)-based image CS reconstruction network (CDM-CSNet). Our
method follows a block-based scheme commonly used in CS tasks [11] as such
a scheme could greatly reduce the computational resource demands.

The contributions are summarized as follows: (1). The CDM is applied to
the image CS reconstruction, and a deep network CDM-CSNet is formed to
solve the image reconstruction problem. (2). By jointly training the recon-
struction module with the diffusion prior, the CDM-CSNet incorporates the
CS sampling matrix directly into the guidance mechanism. This ensures that
data consistency is enforced by design, reducing the stochastic uncertainty
of the generation process while preserving structural integrity. (3). Experi-
ments on image CS reconstruction are conducted to evaluate the performance
of CDM-CSNet in comparison with seven other deep learning–based methods
under different sampling ratios.

2 Related works

In this section, some CS reconstruction related works will be reviewed, includ-
ing the traditional iterative algorithms, the classical deep learning-based (also
known as data-driven) methods and recent DUN-based ones.

2.1 Diffusion Models for CS

Diffusion-based generative models have demonstrated significant potential in
inverse imaging tasks due to their powerful prior modeling capability and the
flexibility of the reverse denoising process [23]. As a result, diffusion mod-
els have been extensively studied and employed as effective generative priors
for a wide range of inverse problems [24], [25], including image compressive
sensing [26], image denoising [27], and super-resolution reconstruction [28]. By
incorporating data consistency constraints into the reverse diffusion process,
the observation model can be explicitly integrated into the sampling proce-
dure, enabling the solution of various inverse problems without retraining the
generative model [29], [30]. In addition, several studies have combined diffu-
sion models with optimization theory to interpret the diffusion-based inversion
process from a probabilistic modeling perspective, further enhancing model in-
terpretability and generalization capability [31].

However, such methods typically rely on pretrained generative models and
still suffer from performance degradation and stability issues under high com-
pression ratios. To more effectively address compressive sensing reconstruction,
recent studies have begun to focus on conditional diffusion models, in which
measurement information or sampling matrices are explicitly incorporated as
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conditioning variables into the diffusion process or the noise prediction net-
work [32]. By conditioning on compressive sensing observations, conditional
diffusion models are able to jointly enforce data priors and measurement con-
sistency during the reverse diffusion process, thereby enabling end-to-end re-
construction. Compared with traditional posterior sampling approaches that
require complex iterative adjustments, these methods avoid cumbersome in-
ference procedures and demonstrate promising performance in terms of both
reconstruction accuracy and stability, offering a new research direction for
applying diffusion models to compressive sensing.

2.2 A brief overview of DDPM

As stated in [16], a diffusion (probabilistic) model is a parameterized Markov
chain trained using variational inference to produce samples matching the data
after finite time. The DDPM samples from a distribution by reversing a gradual
noising process called the forward process. This reverse process starts with a
Gaussian noise xT and gradually produces cleaner signals {xT −1, xT −2, · · · ,
xt, · · · }, until reaching the final desired signal x0. T denotes the total number
of diffusion steps. Each timestep t corresponds to a certain noise level. xt can
be viewed as a mixture of an original signal x0 ∼ q(x0) with some noises
ϵ ∼ N (0, I) drawn from the Gaussian distribution.

The DDPM learns to produce a slightly cleaner xt−1 from xt. Ho et al.
parameterized this model as a function ϵθ(xt, t) which predicts the noise com-
ponent of a noisy signal xt. A simple mean-squared error loss between the
predicted noise and the true noise added in the forward process is adopted to
train the model [16]. However, it is not obvious how to sample from a noise es-
timator ϵθ(xt, t). Ho et al. showed that, given xt, the distribution pθ(xt−1|xt)
of xt−1 can be modeled as

pθ(xt−1|xt) ≜ N (xt−1; µθ(xt, t), Σθ(xt, t)), (1)

where the mean µθ(xt, t) can be calculated as a function of ϵθ(xt, t) and
the variance Σθ(xt, t) of this Gaussian distribution can be fixed to a known
constant or learned with a separate neural network [16]. Both approaches yield
high-quality signals when the total number of diffusion steps T is large enough.
A U-Net architecture [33] is usually adopted to implement the reverse process.

Assuming that p(xT ) = N (xT ; 0, I) follows the Gaussian distribution of
zero-mean and unit-variance, the joint distribution

pθ(x0:T ) ≜ p(xT )

TY
t=1

pθ(xt−1|xt) (2)

exactly represents the DDPM reverse process.
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2.3 Recent Deep Unfolding Networks

In image compressive sensing tasks, reconstruction typically relies on the spar-
sity of images in suitable transform domains and is formulated as an opti-
mization problem with sparsity constraints. Under this framework, compres-
sive sensing reconstruction is commonly modeled as a Lasso-type optimization
problem with sparse regularization terms. Over the past decades, a series of
efficient iterative algorithms, including ISTA [34], ADMM [35], and AMP [36],
have been developed to solve such problems, laying the theoretical and algo-
rithmic foundations for image compressive sensing reconstruction.

In recent years, with the rapid development of deep learning, a large num-
ber of neural network-based methods for compressive sensing reconstruction
have been proposed. Among them, Deep Unfolding Networks (DUNs) have
attracted increasing attention [37,38,39]. These methods unfold the iterative
procedures of traditional optimization algorithms into hierarchical neural net-
work architectures and employ learnable modules to replace or enhance key
steps in the original iterations, thereby improving reconstruction performance.
Early DUN-based methods mainly relied on end-to-end training to learn im-
plicit prior information, such as sparse representations and denoising opera-
tors, which accelerated convergence and improved reconstruction quality.

With further developments, recent studies have increasingly focused on
reducing information loss during the iterative process, strengthening feature
propagation across stages, and improving the recovery of structural details.
Representative examples include LTwIST [40], UFC-Net [41], CPP-Net [42],
NesTD-Net [43], USB-Net [44], and HUNet [45]. Specifically, LTwIST unfolds
the classical TwIST algorithm into a learnable two-step reconstruction frame-
work to better exploit image structure. UFC-Net is built upon fixed-point con-
tinuous optimization and enhances feature extraction and preservation during
iterative reconstruction. CPP-Net unfolds the CP-PPA optimization frame-
work and improves reconstruction performance through multi-scale feature
fusion across different stages. NesTD-Net is inspired by the NESTA algorithm
and introduces a dual-path deblocking structure to reduce blocking artifacts
while improving feature transmission. USB-Net unfolds the Split Bregman op-
timization procedure and enhances reconstruction quality through multi-phase
feature integration. HUNet develops a homotopy-inspired unfolding framework
with multi-scale iterative modeling and dual-path feature fusion to better pre-
serve fine image details. Together with earlier representative methods, such as
ReconNet[12], AMP-Net[22], COAST[46], SODAS-Net[47], PIPO-Net[11], and
TransCS[48], these studies indicate that image compressive sensing reconstruc-
tion is moving toward more interpretable optimization-inspired architectures,
stronger feature interaction across iterative stages, and better preservation of
structural and textural details.
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3 CDM-CSNet

Inspired by the CDDPM, we propose the CDM-CSNet which is designed for
image CS reconstruction. In this section, the formulation of the CDM-CSNet
will be described, including the network architecture, and the detailed training
and reconstruction algorithms.

3.1 Application of CDM to CS

The CDM has the advantages of high generation quality and consistency, and
shows great potential for image reconstruction. The key is to learn a con-
ditional reverse process similar to (2) without changing the forward process
[21].

In compressive sensing (CS), we denote the vectorized original image block
by x ∈ Rn×1. Projecting x via a sampling matrix A ∈ Rm×n, the low-
dimensional measurement is obtained as y = Ax ∈ Rm×1. m/n is called
the sampling ratio [1].

In practice, A and y are treated as prior knowledge for reconstructing x.
To avoid the inconsistency of the dimensions, AT y is utilized as the condition
rather than separate A and y. Based on the above discussions, the conditional
reverse process is formulated as

pθ

�
x0:T

��AT y
�

= p(xT )

TY
t=1

pθ

�
xt−1

��xt, AT y
�

. (3)

If the condition AT y is removed, (3) reduces to (2). The noise estimator of the

CS condition-guided model is then evolved to ϵθ

�
xt, AT y, t

�
. The directed

graph of the model is depicted in Fig. 1. In practice, the block-based CS scheme
is adopted, i.e., the whole image should be split into blocks and each block is
vectorized into a signal vector to be processed.

In the proposed framework, on one hand, the sampling matrix A and the
low-dimensional measurement y jointly define the sensing constraint of the
CS problem. On the other hand, instead of inputting A and y separately into
the diffusion model, we use AT y as an image-domain representation of the
measurement information. In this way, the structural constraint induced by
the sampling matrix and the fidelity information carried by the measurements
are jointly embedded into a single condition. Therefore, the conditional reverse
process is guided by sensing-consistent information rather than unconstrained
generative priors.
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Fig. 1: The directed graph of the CS condition-guided model.

3.2 Initial Recovery and Diffusion Guidance Generation

To provide high-quality guidance for the subsequent reverse diffusion process,
we introduce a residual reconstruction module R to refine the back-projected
measurement AT y. Unlike traditional reconstruction methods that aim to
directly generate the final output, this module is jointly trained with the dif-
fusion model to extract essential structural features for conditional guidance.
Specifically, the refined guidance image is obtained as x̄ = R(AT y), which
serves as the condition to steer the reverse diffusion process. By incorporat-
ing this intermediate guidance signal, the diffusion model can more effectively
recover fine-grained textures while adhering to the measurement constraints,
thereby improving reconstruction fidelity.

The residual reconstruction module R is implemented as a lightweight
ResNet-based refinement network, as illustrated in Fig. 2. Specifically, it con-
sists of an input convolution layer with 32 feature channels, followed by two
residual blocks and an output convolution layer for image restoration. Unless
otherwise specified, all convolution layers use a kernel size of 3 × 3 with ap-
propriate zero-padding to preserve the spatial resolution. Each residual block
contains two convolution layers and a ReLU activation function, and residual
learning is adopted to facilitate feature extraction and stable optimization.

3.3 Training of the model

Assume that, at each step of the forward process, Gaussian noise is gradually
added to the signal with the variance schedule {βt}T

t=1. Moreover, denote

αt
△
= 1 − βt and ᾱt ≜

tY
s=1

αs. (4)

Training of pθ

�
x0:T

��AT y
�

is performed by optimizing the variational

bound on the negative log-likelihood. According to the simplified training ob-
jective derived in [16] and the conditional diffusion process discussed in [21],



�$�5�7�,�&
�/�(

���,
�1���3

�5�(�6
�6

we set

µθ =
1

√
αt

�
xt − βt√

1 − ᾱt
ϵθ

�
, Σθ = βtI. (5)

Hence, the following training objective is presented:

Et,x0,ϵ

h

ϵ − ϵθ

�√
ᾱtx0 +

√
1 − ᾱtϵ, x̄, t

�

2
i

s.t. t ∼ [1, T ], x0 ∼ q(x0), ϵ ∼ N (0, I). (6)

With this training objective, Algorithm 1 shows the complete training
procedure of the CS condition-guided model.

Algorithm 1: Training of the CS condition-guided model

Input:
x0 - original signal
A - sampling matrix
T - total number of diffusion steps
{βt}T

t=1 - variance schedule
Initialization:

y = Ax0

ᾱt =
Qt

s=1(1 − βs)
Repeat:

1. t ∼ Uniform ({1, · · · , T}), ϵ ∼ N (0, I)
2. x̄ = R(AT y)
3. Take gradient descent step on

∇θ



ϵ − ϵθ

�√
ᾱtx0 +

√
1 − ᾱtϵ, v̄x, t

�

2

until converged
return {θ}

The network equipped with the parameters {θ} is named the CDM-CSNet.

3.4 CDM-CSNet for CS reconstruction

Starting from an xT ∼ N (0, I), the CDM-CSNet reconstructs xt−1 ∼ pθ

�
xt−1

��xt, x̄
�

by computing

xt−1 =
1

√
αt

�
xt − βt√

1 − ᾱt
ϵθ (xt, x̄, t)

�
+

p
βtz, (7)

where z ∼ N (0, I). Such a conditioned reverse process with the guidance of
x̄ ensures consistency during the generation of the desired signal x0.

For a whole image X, denote S (X) as an operator to split X into image
blocks of size

√
n ×

√
n, and V(·) to vectorize each block to an n × 1 vector.

S−1(·) and V−1(·) are the inverse processes of S(·) and V(·), respectively. y(k)
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Fig. 2: Illustration of image CS reconstruction by the CDM-CSNet.

is the measurement of x(k) via the sampling matrix A. The illustration of the
reconstruction procedure is described in detail in Fig. 2.

Taking one signal vector as an example, the complete CS reconstruction
procedure is shown in Algorithm 2 below.

Algorithm 2: CDM-CSNet for CS reconstruction

Input:
y - CS measurement
A - sampling matrix
T - total number of diffusion steps
{βt}T

t=1 - variance schedule
Initialization:

xT ∼ N (0, I)
αt = 1 − βt

ᾱt =
Qt

s=1 αs

for t = T, · · · , 1 do

1. z ∼ N (0, I) if t > 1, else z = 0
2. x̄ = R(AT y)

3. xt−1 = 1√
αt

�
xt − βt√

1−ᾱt
ϵθ (xt, x̄, t)

�
+

√
βtz

end for
return x0

4 Experimental results

In this section, the proposed CDM-CSNet is applied to CS image reconstruc-
tion. To evaluate the performance of the proposed CDM-CSNet, seven rep-
resentative deep learning–based CS reconstruction methods are selected for
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Table 1: Quantitative reconstruction results (PSNR (dB)/SSIM) achieved by
different CS reconstruction methods on Set 11. (The best and the second-best
results are marked in red bold and blue italic, respectively).

Methods 1% 10% 25% 30% 50%

ReconNet [12] 20.09/0.5201 24.06/0.7782 25.60/0.7613 28.14/0.8748 31.50/0.9046
AMP-Net [22] 20.21/0.5581 29.13/0.8610 34.64/0.9488 36.12/0.9602 40.32/0.9804
COAST [46] 20.32/0.5373 28.74/0.8619 33.98/0.9407 35.11/0.9505 38.94/0.9744
TransCS [48] 21.93/0.5321 29.54/0.8876 35.06/0.9548 35.62/0.9588 40.49/0.9815

SODAS-Net [47] 21.92/0.5584 28.77/0.8612 34.23/0.9455 35.34/0.9523 39.88/0.9772
PIPO-Net [11] 22.06/0.6721 29.77/0.9058 34.68/0.9500 36.32/0.9598 40.43/0.9831
LTwIST [40] 20.98/0.5469 29.84/0.8930 35.00/0.9546 35.21/0.9541 40.22/0.9784
CDM-CSNet 22.14/0.5507 32.63/0.9181 35.14/0.9511 36.92/0.9658 41.24/0.9836

Table 2: Quantitative reconstruction results (PSNR (dB)/SSIM) achieved by
different CS reconstruction methods on BSD68. (The best and the second-best
results are marked in red bold and blue italic, respectively).

Methods 1% 10% 25% 30% 50%

ReconNet [12] 18.72/0.5418 24.06/0.7740 28.14/0.8963 31.26/0.9024 35.93/0.9631
AMP-Net [22] 21.82/0.5571 29.04/0.8525 32.01/0.9130 33.15/0.9352 36.59/0.9620
COAST [46] 20.13/0.5283 26.28/0.7422 30.07/0.9041 31.06/0.8934 34.76/0.9487
TransCS [48] 21.76/0.5669 29.88/0.8763 32.35/0.9146 33.45/0.9235 37.03/0.9624

SODAS-Net [47] 21.53/0.5444 26.45/0.7428 30.51/0.8793 31.25/0.9011 35.61/0.9492
PIPO-Net [11] 22.36/0.5976 30.45/0.9002 32.32/0.9307 33.30/0.9384 37.20/0.9801
LTwIST [40] 22.16/0.5158 27.85/0.8082 31.54/0.9092 32.23/0.9221 36.83/0.9652
CDM-CSNet 22.75/0.5639 30.69/0.9016 32.88/0.9342 33.39/0.9359 37.38/0.9814

Table 3: Quantitative reconstruction results (PSNR (dB)/SSIM) achieved by
different CS reconstruction methods on Urban100. (The best and the second-
best results are marked in red bold and blue italic, respectively).

Methods 1% 10% 25% 30% 50%

ReconNet [12] 19.02/0.4429 23.74/0.7044 27.48/0.8689 28.07/0.8929 32.98/0.9394
AMP-Net [22] 19.55/0.5016 25.92/0.8144 30.79/0.9188 32.17/0.9362 35.23/0.9583
COAST [46] 12.90/0.2616 25.94/0.8035 25.94/0.8035 32.23/0.9321 37.20/0.9761
TransCS [48] 18.96/0.4395 26.72/0.8413 31.72/0.9330 31.72/0.9330 37.75/0.9746

SODAS-Net [47] 18.96/0.4395 26.72/0.8413 31.72/0.9330 31.95/0.9483 37.20/0.9761
PIPO-Net [11] 18.43/0.4682 26.57/0.8333 31.64/0.9340 33.82/0.9427 37.32/0.9697
LTwIST [40] 19.46/0.4886 26.76/0.8463 31.79/0.9349 33.94/0.9482 37.44/0.9719
CDM-CSNet 19.16/0.5021 27.13/0.8393 32.54/0.9347 33.77/0.9472 37.75/0.9746

comparison, including ReconNet [12], AMP-Net [22], COAST [46], TransCS
[48], SODAS-Net [47], PIPO-Net [11] and LTwIST[40] . The implementation
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(a) Ground truth
(PSNR (dB)/SSIM)

(b) ReconNet
(25.91/0.7358)

(c) AMP-Net
(36.21/0.9581)

(d) COAST
(35.21/0.9535)

(e) TransCS
(36.47/0.9641)

(f) SODAS-Net
(35.51/0.9525)

(g) PIPO-Net
(35.83/0.9567)

(h) CDM-CSNet
(36.49/0.9615)

Fig. 3: Comparisons of reconstructed boat images of Set11 dataset by seven
methods at 10% sampling ratio.

(a) Ground truth
(PSNR (dB)/SSIM)

(b) ReconNet
(20.09/0.7111)

(c) AMP-Net
(28.91/0.8943)

(d) COAST
(28.30/0.8642)

(e) TransCS
(29.04/0.9009)

(f) SODAS-Net
(28.76/0.8693)

(g) PIPO-Net
(29.36/0.9011)

(h) CDM-CSNet
(30.40/0.9143)

Fig. 4: Comparisons of reconstructed zebra images of BSD68 dataset by seven
methods at 25% sampling ratio.

codes and training models for these baseline methods are available from the
authors’ websites.
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(a) Ground truth
(PSNR (dB)/SSIM)

(b) ReconNet
(30.68/0.9318)

(c) AMP-Net
(31.75/0.9448)

(d) COAST
(31.35/0.9390)

(e) TransCS
(32.83/0.9593)

(f) SODAS-Net
(32.63/0.9527)

(g) LTwIST
(32.87/0.9601)

(h) CDM-CSNet
(32.99/0.9660)

Fig. 5: Comparisons of reconstructed urban scene images from Urban100
dataset by seven methods at 25% sampling ratio.

4.1 Comparative experiments

We randomly select 200 images from the BSDS500 dataset [49] to form the
training set. One image is split into 128 image blocks of size 32×32 and each
block is then reshaped into a 1024×1 signal vector, i.e., n=1024. The sampling
matrix A ∈ Rm×n is generated as a Gaussian random matrix with its rows
orthogonalized. The Adam optimizer [50] with a learning rate of 0.0001 and a
batch size of 16 is used to train the network, with 1000 epochs for each sampling
ratio. For testing, three widely-used benchmark datasets Set11 [12], BSD68 [51]
and Urban100 [52] are utilized. The peak signal-to-noise ratio (PSNR) in dB
and the structural similarity (SSIM) [53] are chosen to assess the performance.
The experiments are conducted on a deep learning workstation with an Intel
i9-14700k CPU and a GTX4090 GPU.

For CDM-CSNet, we adopt a U-Net architecture [33] built upon Wide
ResNet blocks [54], employing group normalization [55] and self-attention
blocks at the 16×16 feature map resolution [56]. We specify the diffusion
timestep t by adding the sinusoidal position embedding [57], allowing the em-
bedding to serve as the input to each residual block and enabling the model
to share parameters across time. The total number of diffusion steps is set to
T=1000.

Table 1 summarizes the PSNR (dB)/SSIM results achieved by the seven
networks on Set 11 dataset at different sampling ratios ranging from 1% to
50%. The best and the second-best results are marked in red bold and blue
italic, respectively. It is clearly seen that the proposed CDM-CSNet outper-
forms other methods in terms of PSNR and SSIM for most scenarios. For Set11
dataset, the CDM-CSNet achieves average 7.74 dB higher PSNR performance
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than the representative data-driven network ReconNet, and 1.59 dB higher
PSNR than the recent model-driven network SODAS-Net. Besides, when the
sampling ratio is 10%, the superiorities of the CDM-CSNet over the ReconNet
and the SODAS-Net in SSIM are 0.1399 and 0.0569, respectively.

Table 2 summarizes the PSNR (dB)/SSIM results achieved by the seven
networks on the BSD68 dataset at different sampling ratios ranging from 1%
to 50%. For the BSD68 dataset, the quantitative results further validate the
generalization performance of the proposed CDM-CSNet. The CDM-CSNet
achieves good reconstruction quality even in the extreme sampling-ratio sce-
nario with very few observations. Specifically, the CDM-CSNet improves the
PSNR results by 1.22 dB, 4.24 dB, 2.37 dB, 2.14 dB, and 1.77 dB when com-
pared with SODAS-Net. Moreover, when the sampling ratio is 10%, the SSIM
gains of CDM-CSNet over the other six networks are 0.1276, 0.0491, 0.1594,
0.0253, 0.1588, and 0.0014, respectively.

Table 3 summarizes the PSNR (dB)/SSIM results achieved by the seven
networks on the Urban100 dataset at different sampling ratios ranging from
1% to 50%. For the Urban100 dataset, the quantitative results further demon-
strate the superiority of the proposed CDM-CSNet under different sampling
ratios. Specifically, CDM-CSNet achieves an average PSNR of 30.07 dB over
the five sampling ratios, which is 3.81 dB higher than ReconNet and 0.76 dB
higher than SODAS-Net. In particular, CDM-CSNet obtains the best PSNR
values at 10% and 25% sampling ratios, and it also achieves the highest PSNR
of 37.75 dB at the 50% sampling ratio, comparable to the performance of Tran-
sCS. Moreover, under the extremely low sampling ratio of 1%, CDM-CSNet
yields the highest SSIM of 0.5021, outperforming ReconNet and SODAS-Net
by 0.0592 and 0.0626, respectively. These results indicate that the proposed
method is more effective in recovering structural information and preserving
image details.

Take the boat image from Set 11 dataset as an example. The visual com-
parisons together with the PSNR (dB)/SSIM results of the reconstructed boat
images at the 10% sampling ratio are shown in Fig. 3. As can be observed from
the enlarged regions, the proposed CDM-CSNet preserves clearer structural
details and recovers more fine-grained textures, making the reconstructed im-
ages appear more realistic. The reconstruction of the zebra image from BSD68
dataset in Fig. 4 further highlights the performance of CDM-CSNet, as the
texture patterns of the zebra are more clearly recovered. In addition, the vi-
sual results of the urban scene from Urban100 dataset shown in Fig. 5 further
demonstrate that CDM-CSNet is able to better preserve structural details and
reconstruct clearer local textures in more challenging urban scenes. It should
be noted that this work evaluates sampling ratios down to 1%, which already
corresponds to a highly ill-posed reconstruction setting. The results in Ta-
ble 1, Table 2 and Table 3 show that CDM-CSNet remains effective under
this extremely low sampling ratio. When the sampling ratio is further reduced
below 1%, the reconstruction problem becomes even more challenging due to
the severe loss of measurement information. In such cases, although the diffu-
sion prior and residual guidance mechanism are expected to provide stronger
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Table 4: Extended Ablation on Residual Guidance on Set11 Dataset.

Method Guidance 10% 25%

w/o Residual AT y 30.63/0.8874 33.81/0.9256
Shallow Residual Rs(AT y) 31.13/0.9024 34.38/0.9436
Frozen Residual R(AT y) (frozen) 32.57/0.9092 34.75/0.9495

Full CDM-CSNet (Baseline) R(AT y) 32.63/0.9181 35.14/0.9511

structural regularization than conventional reconstruction methods, the re-
construction quality may still degrade progressively as fewer measurements
are available. Therefore, the proposed model shows promising robustness at
very low sampling ratios, while its scalability under more extreme sampling
conditions should be further investigated in future work, especially for real-
world applications with severe acquisition constraints.

4.2 Ablation study

4.2.1 Effect of Conditional Guidance

To further analyze the role of the residual reconstruction module in CDM-
CSNet, we extend the ablation study by examining both the capacity and the
training strategy of the residual guidance network. All variants share the same
diffusion backbone and training settings, and differ only in the design of the
residual module used to generate the conditioning signal.

We consider the following variants: 1) w/o Residual: using AT y directly as
diffusion guidance; 2) Shallow Residual: using a lightweight residual network
Rs(·) with reduced depth to produce guidance Rs(AT y); 3) Frozen Residual:
using the same residual network architecture as the full model, where the resid-
ual module is first trained on the same training set to generate the guidance
image from AT y, and then its parameters are fixed while only the diffusion
model is trained; 4) Full Residual (CDM-CSNet): jointly training the residual
module and the diffusion model in an end-to-end manner.

This ablation is designed to examine whether a fixed residual guidance
network is sufficient for conditional diffusion reconstruction, or whether end-
to-end joint optimization between the residual module and the diffusion model
brings additional performance gains.

Results in Table 4 show that introducing a residual module substantially
improves reconstruction quality over directly using AT y as guidance. Increas-
ing the capacity of the residual module yields further gains, indicating the
importance of refined structural priors. Moreover, although the frozen residual
setting can still provide useful structural guidance, it performs worse than the
fully jointly trained model. This suggests that a fixed guidance network is not
sufficient to fully exploit the potential of conditional diffusion reconstruction,
and that end-to-end joint optimization enables the residual module to better
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Table 5: Ablation Study on the Number of Diffusion Steps T on Set11 Dataset.

Diffusion Steps T 10% 25% Time (s)

200 30.30/0.8859 33.46/0.9285 0.0557
500 31.94/0.9179 34.58/0.9412 0.0945

1000 (Baseline) 32.63/0.9181 35.14/0.9511 0.2371
1500 32.77/0.9193 35.02/0.9495 0.2943

adapt to the reverse diffusion process and thus achieve better reconstruction
performance.

4.2.2 Effect of Diffusion Steps

We further investigate the impact of the number of diffusion steps T on the
reconstruction performance and computational cost of CDM-CSNet. In this
study, all network architectures, guidance mechanisms, and training configu-
rations are kept unchanged, while only the total number of diffusion steps used
during the reverse sampling process is varied.

CDM-CSNet is evaluated with different values of T on the Set11 dataset
under sampling ratios of 10% and 25%. Both reconstruction accuracy and
average inference time are reported in Table 5.

As shown in the table, increasing the diffusion step number leads to con-
sistent improvements in PSNR and SSIM, particularly at the lower sampling
ratio. Meanwhile, the inference time increases approximately linearly with T .

This trend is consistent with the computational structure of CDM-CSNet.
Specifically, the main computational cost comes from two parts: the residual
guidance module R(·) and the reverse diffusion process. Given a measurement
vector y, the refined guidance image x̄ = R(AT y) is generated only once, while
the denoising network is repeatedly executed for T reverse steps. Therefore, the
inference complexity for one image block can be expressed as O(CR + T CD),
where CR denotes the cost of the residual guidance module and CD denotes the
cost of one denoising step. Since the proposed method adopts a block-based
reconstruction scheme, the overall complexity for a full image further scales
linearly with the number of reconstructed blocks, i.e., O

�
B(CR+T CD)

�
, where

B denotes the number of image blocks. When T exceeds 1000, the performance
gain becomes marginal, whereas the computational cost continues to grow.
Therefore, T = 1000 is adopted as a balanced choice between reconstruction
quality and efficiency in this work.

4.2.3 Effect of U-net structure

In this subsection, we analyze the impact of key architectural components in
the U-Net backbone adopted by CDM-CSNet. The baseline model employs a
U-Net built upon Wide ResNet blocks, with group normalization and a self-
attention module. To evaluate the contribution of each component, we con-
struct several model variants by modifying a single design choice while keeping
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Table 6: Ablation Study on U-Net Architecture on Set11 Dataset.

Method Attention Backbone 10% 25%

w/o Attention � WideResNet 31.27/0.8957 34.73/0.9352
Batch Normalization X WideResNet 32.53/0.9120 35.01/0.9482

Full CDM-CSNet (Baseline) X WideResNet 32.63/0.9181 35.14/0.9511

all other settings unchanged. Specifically, we consider the following variants:
1) w/o Attention: removing the self-attention module from the U-Net; 2) GN
or BN: substituting group normalization with batch normalization. All mod-
els are trained and tested under identical experimental settings. Quantitative
comparisons on the Set11 dataset at a sampling ratio of 10% are reported in
Table 6.

As shown in Table 6, removing the self-attention module leads to a notice-
able degradation in reconstruction quality, particularly in terms of SSIM, indi-
cating its importance in modeling long-range dependencies. Moreover, group
normalization consistently outperforms batch normalization, which can be at-
tributed to the small batch size used during training.

5 Conclusion

In this paper, inspired by the generative capabilities of Conditional Diffusion
Models (CDM), we formulate a robust CS-specific condition-guided frame-
work that adaptively integrates the diffusion prior into the image CS recon-
struction paradigm. We reformulate the traditional ill-posed reconstruction
task as a conditioned reverse sampling process, where the generative trajec-
tory is governed by sensing constraints. By using the initial reconstruction
values as guidance signals and coordinating with the residual reconstruction
module for joint optimization, the intrinsic constraint of data consistency is
ensured throughout the iterative denoising process. This mechanism effectively
steers the generation of desired images while suppressing the stochastic arti-
facts common in vanilla diffusion models. Extensive experiments on diverse
benchmark datasets demonstrate that CDM-CSNet consistently outperforms
existing methods, achieving improved performance in both quantitative met-
rics and perceptual quality.

Although CDM-CSNet achieves promising performance, several limitations
should be noted. The current validation is mainly conducted on natural image
datasets, and the generalization of the proposed framework to other image
datasets with substantially different data distributions still requires further
investigation. In addition, in noisy environments, measurement corruption may
affect the conditional guidance used in the reverse diffusion process, and the
robustness of CDM-CSNet under different noise levels remains to be further
explored.
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