American Journal of Artificial
Intelligence and Neural
Networks

AR
AUSTRA & LIAN

SCIENCE JOURNALS

australiansciencejournals.com/ajainn

E-ISSN: 2688-1950

Computationally Efficient CT Reconstruction via
Structured Sparse Networks

Jeroen van Dijk’, Anneke Smit’, Thomas de Vries’*

Department of Electrical Engineering, Mathematics and Computer
Science, Delft University of Technology, 2628 CD Delft, The
Netherlands

*Corresponding author: t.devries@tudelft.nl

Abstract

Clinical deployment of learned CT reconstruction models requires
attention to runtime, memory footprint, and throughput. Building on
convolution—self-attention architectures such as CTLformer, this
paper introduces lightweight convolution—attention blocks with
structured sparsity and low-rank attention approximation. The
design reduces quadratic attention costs while keeping long-range
dependency modeling. Experiments are conducted on two CT
reconstruction datasets totaling 40,000 slices. Compared with
transformer-heavy reconstruction models and standard hybrid
baselines, the proposed approach reduces GPU memory usage by
28%—40% and improves inference throughput by 1.6x-2.1x%, while
keeping reconstruction accuracy within 0.2—0.4 dB PSNR of the full
model.

Keywords: CT reconstruction;, model efficiency; lightweight
attention, structured sparsity, deployment

1.INTRODUCTION

Deep learning—based methods have been widely adopted for CT
reconstruction, particularly in low-dose and sparse-view settings
where analytic reconstruction and classical regularization
approaches often leave residual noise and streak artifacts [1,2].
Convolutional neural networks provide stable performance and
efficient local feature extraction, but their limited receptive field
constrains the suppression of structured artifacts that extend over
long spatial ranges. To overcome this limitation, recent hybrid
architectures that integrate convolutional layers with attention
mechanisms have been proposed, showing improved detail
preservation and artifact reduction compared with purely
convolutional models, especially in regions affected by directional
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streaks and global inconsistencies [3,4]. A representative
convolution—attention reconstruction framework incorporates self-
attention modules within a lightweight convolutional backbone to
enhance low-dose CT reconstruction quality while maintaining
spatial coherence [5]. These results demonstrate the potential of
hybrid designs to balance local detail modeling and global context
aggregation. Despite these advances in reconstruction quality, many
existing studies primarily emphasize accuracy under controlled
experimental conditions and provide limited analysis of
computational efficiency, which remains a critical requirement for
clinical deployment [6]. In routine clinical environments, CT
reconstruction systems must satisfy strict constraints on inference
latency, memory usage, and throughput. Reconstruction models are
expected to process large image volumes continuously on shared
hardware while maintaining stable performance across workloads
and patient cohorts [7]. Attention-based architectures pose a
particular challenge in this context, as standard self-attention
mechanisms exhibit quadratic complexity with respect to feature
size, resulting in high memory consumption and limited scalability
for high-resolution CT images [8]. Consequently, models that
achieve strong offline reconstruction performance may be difficult
to integrate into clinical pipelines with fixed hardware budgets. To
mitigate the computational burden of attention mechanisms, several
efficiency-oriented strategies have been explored in the broader
deep learning literature. Low-rank and kernel-based attention
approximations replace dense attention computation with more
efficient formulations, significantly reducing memory and
computational cost while retaining the ability to model long-range
dependencies [9,10]. Structured sparsity and pruning methods aim
to remove redundant computation by enforcing sparsity patterns
within network weights or activations, enabling more efficient
execution on modern hardware [11,12]. Recent findings indicate
that sparsity patterns aligned with hardware constraints can yield
practical reductions in inference time and memory usage when
incorporated during training rather than applied as post hoc pruning
[13,14]. However, these efficiency-oriented attention strategies
have rarely been systematically integrated into CT reconstruction
models. Within CT reconstruction research, efficiency is often
treated as a secondary consideration. Many studies focus on image
quality improvements over iterative or unrolled reconstruction
baselines, while reporting limited information on peak memory
consumption, runtime, or scalability across input resolutions [15].
Even hybrid convolution—attention models that effectively suppress
artifacts may rely on dense attention blocks that dominate overall
computational cost [16,17]. In addition, experimental evaluation is
frequently conducted on relatively small test sets or simplified
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settings, which limits assessment of whether reported efficiency
gains remain stable under realistic throughput and deployment
conditions [18]. As a result, the practical feasibility of attention-
enhanced reconstruction models for routine clinical use remains
uncertain. These observations highlight a gap between
reconstruction quality improvements and deployable efficiency in
attention-based CT reconstruction. Bridging this gap requires
architectural designs that explicitly target the dominant sources of
computational cost while preserving the long-range dependency
modeling that contributes to artifact suppression. Lightweight
attention formulations, structured sparsity, and cost-aware design
principles provide promising directions, but their integration within
reconstruction-specific architectures has not been fully explored.

In this work, an efficient CT reconstruction framework is presented
based on lightweight convolution—attention blocks with structured
sparsity and low-rank attention approximation. The proposed design
directly addresses the primary computational bottlenecks of
attention-based reconstruction while maintaining the capacity to
model global contextual information relevant to structured artifact
suppression. Instead of relying on transformer-heavy backbones, the
framework introduces efficiency-oriented building blocks that
reduce memory usage and improve inference throughput. The
method is evaluated on two CT reconstruction datasets comprising
40,000 slices. Experimental results demonstrate a reduction in GPU
memory usage of 28%—40% and an increase in inference throughput
by 1.6x-2.1x%, while maintaining reconstruction accuracy within
0.2-0.4 dB PSNR of the full model. These findings indicate that
convolution—attention reconstruction can be adapted to clinical
hardware constraints without substantial loss of image quality,
supporting more practical deployment in routine CT workflows.
2.Materials and Methods

2.1 Sample Description and Imaging Conditions

This study used two CT reconstruction datasets collected under
routine clinical protocols. The combined dataset included 40,000
axial slices from adult chest and abdominal examinations. Images
were reconstructed from low-dose and standard-dose acquisitions
using consistent scanner geometry and reconstruction kernels. The
in-plane resolution ranged from 0.6 to 0.9 mm, and slice thickness
varied between 1.0 and 2.5 mm. The data contain diverse anatomical
structures and structured noise patterns commonly observed in
clinical CT. All images were anonymized prior to analysis.

2.2 Experimental Design and Reference Methods

A comparative experimental design was used to evaluate
reconstruction quality and efficiency. The experimental group
applied the proposed lightweight convolution—attention network
with structured sparsity and low-rank attention approximation.
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Reference methods included a transformer-heavy reconstruction
model and a hybrid convolution—attention baseline without sparsity
or approximation. All models were trained with the same data splits,
loss functions, and optimization settings. This setup ensures that
performance differences reflect architectural design rather than
training conditions.
2.3 Measurement Procedures and Quality Control
Reconstruction quality was evaluated using peak signal-to-noise
ratio (PSNR) and structural similarity index (SSIM). Computational
efficiency was measured by peak GPU memory usage and inference
throughput. All experiments were conducted on the same hardware
platform with identical batch sizes. Input images were normalized
to a fixed intensity range before inference. Each efficiency
measurement was repeated multiple times, and average values were
reported to reduce variability. Runs affected by system instability
were excluded.
2.4 Data Processing and Model Formulation
Input slices were normalized and processed using lightweight
convolution—attention blocks. Let Q,K,VERNxd denote query, key,
and value matrices. Standard attention has computational cost
proportional to N2, while the proposed low-rank formulation
reduces this cost to
O(Nrd), r<N.
Structured sparsity further limits computation by applying a fixed
binary mask M to attention weights:
Y=(QK'OM)V.

Reconstruction accuracy was quantified using PSNR:

Linas
Il\] ?il (Xi'fii)2
where x; and X; denote reference and reconstructed pixel values.
2.5 Evaluation Metrics and Statistical Analysis
Results are reported as mean values with standard deviations across
the test set. Memory usage and inference speed were summarized
relative to the transformer-heavy baseline. Statistical comparisons
between models were performed using paired tests with a
significance threshold of p<0.05. This evaluation protocol allows
balanced assessment of reconstruction accuracy and computational
efficiency.
3.Results and Discussion
3.1 Reconstruction Accuracy Under Efficiency Constraints
Across the two CT datasets comprising 40,000 slices, the proposed
lightweight convolution—attention model preserved reconstruction
accuracy close to that of the transformer-heavy baseline. The PSNR
difference remained within 0.2-0.4 dB, indicating that reducing
attention complexity did not lead to noticeable degradation in

PSNR=10log,
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overall image quality. Minor differences were mainly observed in
low-contrast regions, where long-range context contributes less to
reconstruction than local features [19,20]. These results show that
low-rank attention and structured sparsity can reduce model
complexity while maintaining the main benefits of attention-based

reconstruction (Fig.1).
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Figure 1. Comparison of reconstruction accuracy between the lightweight convolution—
attention model and transformer-heavy baselines under identical test conditions.

3.2 Memory Usage and Inference Throughput

Substantial gains were observed in memory usage and inference
speed. The proposed model reduced peak GPU memory
consumption by 28%—-40% and increased inference throughput by
1.6x-2.1x compared with transformer-dominant models. Memory
reduction was mainly due to structured sparsity, which decreased
intermediate activation storage, while throughput improvement was
driven by low-rank attention that lowered attention computation cost
[21]. The efficiency gains became more pronounced as image
resolution increased, which is relevant for clinical deployment
where large volumes are processed contlnuously (Fig. 2)
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Figure 2. GPU memory usage and inference throughput comparison for efficient and
baseline CT reconstruction models.
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3.3 Comparison with Existing Efficient Reconstruction
Approaches
Previous work on efficient CT reconstruction often limits attention
to local windows or applies attention selectively at specific stages.
While these strategies reduce computation, they also restrict the
effective context available to the model. In contrast, the proposed
approach retains global information flow through low-rank attention
while reducing computational burden. The results suggest that
reducing attention rank and enforcing structured sparsity is a more
flexible strategy than spatially restricting attention, as it preserves
long-range dependency modeling that is useful for suppressing
structured artifacts [22,23].
3.4 Practical Implications and Limitations
The proposed method is suitable for deployment scenarios where
memory and throughput directly affect clinical workflow, such as
shared GPU environments and high-throughput scanners. However,
aggressive rank reduction or excessive sparsity can reduce
sensitivity to subtle image details, especially near high-contrast
boundaries. In addition, efficiency gains depend on hardware
characteristics, and sparsity patterns optimized for one platform may
not transfer directly to another. Future work will focus on hardware-
aware sparsity design, adaptive rank selection based on input size,
and broader validation across different scanners and reconstruction
settings.
4.Conclusion
This study proposes an efficient CT reconstruction method based on
lightweight convolution—attention blocks with structured sparsity
and low-rank attention. Results from two datasets show that the
method reduces GPU memory usage and increases inference speed
while keeping reconstruction accuracy close to transformer-based
models. By reducing the main computational cost of attention, the
method retains long-range information without dense attention
operations. The findings indicate that careful architectural design
can balance reconstruction quality and computational efficiency.
The proposed approach is suitable for high-throughput
reconstruction and shared hardware environments in clinical
settings. However, reconstruction performance depends on the
choice of attention rank and sparsity level, and these parameters may
need adjustment for different protocols or hardware platforms.
Future work will focus on adaptive parameter selection and further
validation across scanners and acquisition conditions [24].
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