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Abstract. Sparse-view Computed Tomography (CT) reconstructs im-
ages from a limited number of X-ray projections to reduce radiation and
scanning time, which is an ill-posed inverse problem. Existing methods
achieve high-fidelity reconstructions but overfit to a fixed acquisition
setup, failing to generalize well across sampling rates. For example, con-
volutional neural networks (CNNs) use the same kernels across resolu-
tions, leading to artifacts when data resolution changes. This is a critical
limitation in clinical practice, where acquisition sampling settings vary
across organs and diagnostic protocols.
We propose Computed Tomography neural Operator (CTO), the first
neural operator (NO) framework for CT reconstruction. CTO extends
learning from fixed discretized grids to continuous function space, en-
abling a single model to generalize across measurement sampling rates
without retraining. We also propose new NO architectural designs for
CT: (i) a dual-domain NO architecture in both sinogram and image
spaces, capturing complementary spatial–frequency information, and (ii)
rotation-equivariant DIScrete–COntinuous convolutions (DISCO) that
exploit the rotational structure inherent in tomographic acquisition. Em-
pirically, CTO outperform CNNs (> 3.4dB PSNR gain) and other base-
lines in multi-resolution settings across multiple CT datasets. Compared
to state-of-the-art di!usion methods, CTO has 500→ faster inference
with an average 3dB gain. CTO further demonstrates strong out-of-
distribution robustness, maintaining gains under cross-dataset transfer
and noisy sinogram conditions. Ablation studies also validate each de-
sign choice. CTO establishes neural operators as a principled and practi-
cal paradigm for flexible, discretization-agnostic CT reconstruction. Our
code is available at https://github.com/neuraloperator/sparse_ct.

1 Introduction

Computed Tomography (CT) is a widely used imaging modality that recon-
structs cross-sectional images of internal anatomy from X-ray projections ac-
quired at multiple angles. The measured projection data (sinogram) represent
line integrals of the object’s linear attenuation coe!cient along di"erent ray
paths, mathematically modeled (for parallel-beam) by the Radon transform
[22, 40]. CT image reconstruction aims to recover the underlying attenuation

https://github.com/neuraloperator/sparse_ct
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Fig. 1: (a) We propose CTO, a unified CT reconstruction framework based on
resolution-agnostic neural Operator parameterized in function space. CTO reconstructs
CT images across di!erent measurement sampling rates and resolutions, whereas ex-
isting methods [6, 49] are resolution-dependent and need to be trained separately for
di!erent sampling rates due to resolution-specific backbones. (b) CTO’s basic build-
ing block is DISCO (discrete-continuous convolution) [38], a convolution layer defined
in function space which works for images at di!erent resolutions. Specifically, DISCO
learns convolution kernels in the infinite-dimensional function space and can be dis-
cretized to a specific resolution based on the input data resolution to ensure a con-
sistent receptive field across resolutions. (c) CTO consistently outperforms the CNN
baseline [3] across di!erent sampling rates for kidney CT [21]. They both follow an
unrolled network design with similar model size; CTO uses resolution-agnostic DISCO
while CNN uses regular convolutions.

map from these projections, forming an inverse problem—namely, inversion of
the Radon transform. Under ideal conditions with fully sampled data and suf-
ficient angular coverage, this inverse transform yields accurate reconstructions.
However, in sparse-view CT (SVCT), where the number of projection angles
is significantly reduced and uniformly subsampled to lower radiation dose or
shorten scan time [20], the inverse problem becomes ill-posed. In such cases,
direct inversion leads to severe noisy artifacts, and additional regularization or
learning-based methods are required to achieve high-quality reconstructions.

Classical CT reconstruction relies on filtered back projection (FBP) [43],
which is e!cient but produces severe artifacts under sparse sampling [1]. Other
classical compressed sensing methods [9,18,44] improve quality by enforcing data
consistency and sparsity priors, but at high computational cost. Deep learning
has since transformed SVCT reconstruction: CNNs [12, 13] and transformer-
based architectures [60] substantially outperform classical methods. Unrolled
model-based networks [2,3,11] bridge the gap between classical and learned ap-
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proaches by unfolding iterative optimization into trainable network layers, em-
bedding data consistency directly into the architecture. However, most of these
approaches operate solely in the image domain, treating reconstruction as a post-
processing step after FBP and discarding the rich information present in the raw
sinogram. Dual-domain methods [31,49,52,61] address this by jointly performing
sinogram completion and image refinement with improved performance.

Yet, existing learning methods are tied to a specific discretization setting with
a fixed input measurement sampling rate—a model trained for one measurement
sampling rate does not generalize well to another [25,32] (See Table 2a). A com-
mon solution to avoid sampling-rate-overfitting (e.g., [42]) is to train several
models, each for a di"erent sampling rate. However, maintaining distinct mod-
els for di"erent sparsity regimes limits scalability, and the approach does not
generalize across sampling rates/image resolutions. This is a critical limitation
in clinical settings, where acquisition settings like measurement sampling rates
and target resolution constantly change across organs, protocols, and diagnostic
purposes. Thus, this paper adopts a setting where a unified model is used across
acquisition sampling rates. This enables flexible CT reconstruction under varying
conditions, thus broadening its clinical applicability.

Our approach. We propose CTO, a unified CT reconstruction framework based
on resolution-agnostic Neural Operators (NOs) [27] that learns mappings be-
tween infinite-dimensional function spaces, enabling a single model to work and
generalize across measurement sampling rates and image resolutions without re-
training. To the best of our knowledge, CTO is the first application of neural
operators to sparse-view CT.

CTO uses unrolled networks with two U-shaped DISCO [25,34] blocks that
process the measurements and images: (NOs) in the sinogram domain and (NOi)
in the image domain. The sinogram operator (NOs) is defined in polar coor-
dinates (r, ω) — the natural space of CT measurements — and jointly learns
in both spatial and frequency spaces of sinograms, inspired by FBP [43]. The
image operator (NOi), defined on the 2D Cartesian grid, further refines spa-
tial features and improves reconstruction quality. Both operators are built on
Discrete–Continuous (DISCO) convolutions [25, 34], which parametrize kernels
in the continuous function space and discretize them to match di"erent input or
output resolution—making the entire framework inherently resolution-agnostic.
DISCO has been proven to be discretization-convergent [8,34]: the approximation
error is bounded across resolutions and converges to zero as resolution increases.

This design yields two structural properties. First, CTO is resolution- and
sampling-agnostic: the function-space parametrization allows consistent perfor-
mance across di"erent data resolutions without architectural changes. Second,
learning in the sinogram domain’s polar coordinate system makes CTO rotation-
equivariant—a rotation in the measurement coordinates induces an equivalent
rotation in the reconstructed image—improving robustness to varying acquisi-
tion angles. Empirically, replacing CNNs with the proposed neural operators
yields an average gain of over 3.4 dB PSNR across sinogram subsampling rates.
CTO outperforms state-of-the-art di"usion methods [16] by over 3 dB while be-
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ing at least 500→ faster at inference. CTO also outperforms all SOTA baselines
in SVCT reconstruction and zero-shot super-resolution reconstruction.

Our main contributions are: 1) We propose CTO, a unified end-to-end CT
reconstruction framework based on neural operators that generalizes across mea-
surement sampling rates and image resolutions. To the best of our knowledge,
we are the first to use Neural Operators for sparse CT reconstruction. 2) We in-
troduce a joint spatial-frequency sinogram-domain operator which respects the
CT rotational geometry and acquisition physics. 3) By learning in the func-
tion space, CTO is inherently rotation-equivariant and resolution-agnostic via
DISCO operators in both sinogram and image domains, achieving consistent
reconstructions across varying conditions. In summary, our central novelty is a
unified function-space formulation for sparse-view CT: instead of learning sepa-
rate discrete models for each sampling rate, we learn a single continuous operator
from which di"erent discretizations can be sampled, enabling multi-rate recon-
struction and cross-discretization consistency without retraining.

The remainder of the paper is organized as follows. Sec. 2 reviews related
work on accelerated CT reconstruction and neural operators. Sec. 3 establishes
the theoretical framework for the problem, formulating CT reconstruction in
function space and introducing DISCO convolutions. Sec. 4 details CTO’s de-
sign, including its dual-domain operators and rotation-equivariant convolution.
Sec. 5 presents experimental results, and Sec. 6 concludes.

2 Related works

Accelerated CT Reconstruction. Methods broadly fall into (i) physics-based
iterative and (ii) learning-based approaches. Classical compressed-sensing meth-
ods impose handcrafted priors, especially total variation (TV) and prior-image
constrained CS (PICCS), to stabilize ill-posed sparse-view or limited-angle re-
construction. They reduce artifacts, but rely on slow multi-iteration solvers and
degrade under extreme undersampling [10,33,58], highlighting the speed–fidelity
trade-o! of optimization-based CT. Learning-based methods instead learn data-
driven priors for faster inference [6, 23, 36]. Early image-domain CNNs exploit
hierarchical feature extraction and nonlinear representation capacity to outper-
form classical methods in sparse-view reconstruction [12,13], while architectures
such as TransCT [60] introduce dual-path transformers to refine high-frequency
details through piecewise reconstruction. However, these methods treat recon-
struction as post-hoc denoising of an initial FBP image, discarding rich sino-
gram information and often producing artifacts that violate physical consis-
tency [57, 59]. Model-based unrolled networks such as Learned Primal-Dual
(LPD) [2], RegFormer [56], LEARN [11], and QN-Mixer [6] address this by in-
tegrating forward and adjoint operators for improved data consistency, but they
remain tied to fixed sampling patterns, limiting adaptability. Dual-domain net-
works [28,31,47,49,50,52,55,61,62] jointly perform sinogram completion and im-
age refinement, addressing aliasing artifacts at their source and showing greater
robustness. Yet across these families, models remain bound to specific discretiza-
tion settings: networks trained for one measurement sampling rate or output
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resolution generalize poorly to others [25, 32]. Shao et al. [42] broaden coverage
by synergistically training separate models for ultra-sparse and sparse regimes,
but maintaining distinct networks for each regime limits scalability and does not
generalize well across sampling rates. Fan et al. [19] train a single dual-domain
unfolding model across multiple sparse-view rates, but remain CNN-based and
tied to fixed discretizations, unable to generalize across image resolutions. Gen-
erative di"usion models [14, 32, 45, 63] achieve SOTA fidelity in SVCT by alter-
nating data-consistency and denoising steps, but their high inference cost limits
practical use. Across all families, the main challenges remain [15]: (1) discretiza-
tion binding to specific sampling rates and resolutions and (2) inference-time
scalability. Our method addresses these challenges by introducing a NO formu-
lation that learns in function space, enabling cross-resolution generalization and
rotation-equivariant reconstruction without retraining.
Neural Operators for Computational Imaging. For resolution-agnostic
image reconstruction, di"usion models have shown empirically stable perfor-
mance across data resolutions in accelerated CT reconstruction [32, 63]. Yet,
they typically incur higher inference times and require substantial hyperparam-
eter tuning to achieve optimal results. Further, di"usion models are not inher-
ently discretization-agnostic. In contrast, a neural operator (NO) [7,27] is inher-
ently resolution-agnostic as it learns a map between infinite-dimensional function
spaces, enabling evaluation at arbitrary resolutions and converging toward the
target operator as the grid resolution increases. NOs were first used for acceler-
ating the numerical solutions to partial di"erential equations (PDEs) [27,51,53].
More recently, NOs have been used for resolution-agnostic computational imag-
ing tasks in various domains, e.g., MRI [25], neuro-imaging [48], and ultrasound
imaging [53,54]. NO architectures are tailored to each application. For instance,
the Fourier NO (FNO) [30] employs global convolutions and has achieved robust
discretization-agnostic performance across diverse tasks [7]. Other NOs [29, 34]
use locally-supported kernels to better capture localized structures, which is ben-
eficial in applications involving localized dynamics such as turbulent fluid mod-
eling [29]. Additionally, NOs with local integral formulations are more amenable
to parallel computation and can o"er improved e!ciency compared to architec-
tures that rely on global operations. Our CT reconstruction framework leverages
neural operators with local integral kernels, making it inherently agnostic to both
sinogram sampling rates and output image resolution.

3 CT Reconstruction in Function Space

CTO combines unrolled networks and function space learning to allow physical
awareness (of the forward operator) and resolution-agnosticism (Fig. 2). Among
multiple architectural designs [29, 30] available for neural operators, we choose
discrete-continuous convolution (DISCO), especially for image reconstruction
due to its similarity to convolutional layers. We finally present a U-shaped
DISCO block, the basic building block enabling multi-scale receptive field.
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Fig. 2: CTO architecture overview. It follows an unrolled network design
(Sec. 3.1). The input sensory signal sinogram is first fed to neural operator NOs de-
fined in sinogram space, allowing CTO to be resolution-agnostic to di!erent sampling
rates for sinograms. Then, we use unrolled networks with multiple cascades mimicking
a classical iterative algorithm, with each cascade consisting of image-space NOi and a
data consistency (physical update) term. They are both defined in function space and
make CTO discretization-agnostic to sampling rates and image resolutions. R→1 refers
to the inverse Radon transform that transforms a sinogram to an image.

3.1 CT Reconstruction with Unrolled Networks

In CT, cross-sectional images are reconstructed from a series of X-ray measure-
ments acquired at multiple angles around an object (Fig. 1a). As the beams
propagate through the object, their intensity is attenuated according to the ma-
terial along each path, and detectors record this attenuation as a one-dimensional
projection. Collecting projections over many angles produces a two-dimensional
sinogram, which compactly represents the measurement data.

Mathematically, the sinogram can be described as a function with polar co-
ordinates p(ω, r), where ω is the projection angle and r is the detector position.
The sinogram’s relationship with the underlying image x can be written as

p(ω, r) := R(x) + ε (1)

where R is the Radon transform and ε is the measurement noise. For a specific
machine, sensor position r is fixed, but the sampling of ω varies via the program-
ming of the scanning speed. To accelerate acquisition and reduce radiation, fewer
projections are taken and measurements are subsampled as p̃ = Mp, where M

is an angle sampling operator, which can be implemented as a binary mask that
selects a subset of projection angles. Recovering the image x from p̃ becomes
an ill-posed inverse problem. Classical compressed sensing methods solve the
inverse problem and reconstruct the underlying image x̂ via optimization

x̂ = argminx
1

2
↑A(x)↓ p̃↑

2
2 + ϑϖ(x) (2)

where A(·) := MR is the linear forward operator, ϖ(x) is a regularization term
and ϑ is the weight of the regularization term. The optimization can be solved
with gradient descent. Recently, unrolled networks [2, 3, 11, 56] approximate the
iterative solver by cascading learned updates. We adopt [3], a popular choice
that uses multiple cascades of deep learning architectures such as CNNs, where
a specific cascade t mimics a gradient descent step from x

t to x
t+1:

x
t+1

↔ x
t
↓ ϱ

t
A

→
(A(x

t
)↓ p̃) + ϑ

t
CNN

t
(x

t
) (3)
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where ϱ
t
,ϑ

t are weights of the data-consistency term and deep-learning-based
regularization term. A→ is the hermitian of the forward operator A.
Reconstruction in Function Space. Both sinograms (measurements) and
images are functions: p : S1→R↗R and x : ς↘R2

↗R. A pixel grid is merely
a discretization (sampling) of pixel value x over coordinates (x, y); higher image
resolution corresponds to denser (x, y) sampling. Likewise, acquisition with more
view angles corresponds to denser sampling of ω for p.

While Eqn. (2) naturally accommodates di"erent samplings via A, CNN-
based unrolled networks (Eqn. (3)) optimize in a discrete subspace tied to a fixed
grid and often overfit to that resolution. In contrast, neural operators define the
learned map directly between function spaces, enabling a single model to act
consistently across discretizations of both p and x. We therefore propose to
replace the discrete CNN prior with an image-space neural operator NOi:

x
t+1

↔ x
t
↓ ϱ

t
A

→(
A(x

t
)↓ p̃

)
+ ϑ

t
NO

t
i(x

t
), (4)

so the learned update is resolution-agnostic: the same model applies to di"erent
data discretizations (Fig. 1a), i.e., di"erent angle samplings for p and to di"erent
spatial resolutions for x. We choose a neural operator design specifically adapted
for computational imaging as follows.

3.2 DISCO (Discrete-Continuous) Convolutions: Basic Unit for
Function Space Learning

The fundamental building block of the proposed neural operator is the discrete-
continuous convolution (DISCO) neural operator [34], which mimics the convolu-
tion layer but optimizes in the function space. It also provides a principled way to
embed local inductive biases into neural operators while remaining resolution-
agnostic. Classical CNNs achieve locality through finite-support convolutional
kernels. However, a CNN layer converges to pointwise linear mappings as input
resolution increases, thus losing its interpretation as local integral operators in
the infinite-resolution limit [34]. This limits their ability to generalize across vary-
ing resolutions and downsampling patterns. DISCO addresses this by defining
the kernel as a continuous function in the function space and discretizing it only
at the resolution of the input. For a kernel φ and input g over a compact domain
D ↘ Rd, the continuous convolution is given by (φ ↼ g)(v) =

∫
D φ(u↓ v) g(u) du

and is approximated by

(φ ↼ g)(vi) ≃

m∑

j=1

φ(uj ↓ vi) g(uj) qj . (5)

The kernel is parameterized as φ =
∑L

ω=1 ωωφω with learnable coe!cients ωω

and fixed basis functions φω, where φω is a piecewise-linear basis following [25]
(visualized in Fig. 1b). Because the basis is defined in the function space, the
convolution scales with the domain rather than the grid, converging to a local
integral operator as resolution increases. This property makes DISCO an e"ective
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Fig. 3: (a) Sinogram-space neural operator NOs. The subsampled sinogram p̃
is processed by two complementary operators: NOs,spatial in the spatial domain and
NOs,freq in the frequency domain via a 1D Fourier transform along the detector axis
r. Their outputs are combined and passed to the image-space stage. (b) Rotation-

equivariant learning. Object rotation corresponds to a shift along the angular axis
ω in the sinogram. Circular padding along ω preserves this rotational structure dur-
ing learning. Note the angle flips at 180

↑ (See Supp. Sec. A). (c) Visualization of

rotational equivariance. We rotate the object by 0
↑, 90↑, and 180

↑ and show the
corresponding sinograms (left) and CTO reconstructions (right). Reconstructions ro-
tate consistently with the inputs, confirming stable performance across orientations.

backbone for both NOs and NOi, enabling consistent feature learning across
resolutions and sampling conditions.
UDNO (U-Shaped DISCO Block). UDNO [25] is a core architectural unit.
Inspired by U-Net [41], it progressively downsamples to aggregate coarse contex-
tual information and upsamples to recover fine spatial detail. U-shaped networks
[41] have shown strong performance across a range of vision tasks [17,39,41] due
to their ability to learn multi-scale features. UDNO builds on this design but re-
places standard convolutions with DISCO layers, combining multi-scale feature
learning with the resolution-agnostic properties of NOs.

4 CTO Design Details

Framework Overview. The proposed CTO is an end-to-end model following
the unrolled network architecture 1(Fig. 2). Specifically, the input sinogram p

is first fed to a sinogram space neural operator NOs for function space learning
that unifies di"erent sampling rates for ω. The intermediate feature map is then
fed to the unrolled network for multi-cascade learning, where the image-space
neural operator NOi and the physical update/data-consistency term denoise and
reconstruct the final images (Eqn. (4)).

DISCO in NOi is defined in 2D Cartesian coordinates, introducing a local
inductive bias in the image space that captures fine details across discretizations.
In NOs, we extend DISCO from Cartesian to polar coordinates (r, ω), allowing
1 We use a cascaded dual-domain design because it is necessary for strong state-of-

the-art CT performance, but our main contribution lies in replacing discretization-
specific operators with a single function-space operator that supports multiple view
samplings and image resolutions within one model.
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the kernels to provide localized support in the sinogram domain. Due to Radon
transform duality, localized support corresponds to direction-selective global sup-
port in the image space, thus allowing NOs to learn global structural information.
The two components jointly model complementary information about the image,
resulting in improved structural consistency and sharper detail.

4.1 Sinogram-Space Operator NOs

Sinogram-Space NO. We introduce a sinogram-space neural operator NOs

that acts on the function space of p(ω, r), with detector position r and view an-
gle ω treated as the two sinogram axes. DISCO convolutions are applied in this
(ω, r) coordinate system—without projection or reparameterization to (x, y)—so
the model learns directly in the intrinsic measurement domain, avoiding projec-
tion errors. Extending DISCO from 2D Cartesian to polar coordinates requires
honoring the periodic boundary condition in ω; we therefore use circular padding
along ω (and standard padding along r), yielding ω-shift equivariance (rotational
equivariance) and consistent handling of arbitrary angular o"sets. As a neural
operator, NOs maps between function spaces rather than fixed grids, so the same
model applies across discretizations (e.g., di"erent detector bins).

We adapt DISCO, originally defined in the image space, to the sinogram
space with a novel dual-branch design. The NOs module comprises two paral-
lel UDNO branches (Fig. 3a): NOs,spatial and NOs,freq. NOs,spatial operates on
p(ω, r) to capture local, geometry-aware correlations, while NOs,freq operates on
the sinogram’s 2D frequency representation to model long-range angular–radial
dependencies. The two outputs are averaged to form the final sinogram-space
estimation, which is then forwarded to the downstream reconstruction stage.
The design is inspired by FBP [43], where the additional r-frequency processing
of the sinogram greatly reduces reconstruction blur.
Rotation-Equivariant Convolution. Parallel-beam CT induces two symme-
tries on the sinogram p(ω, r): (i) rotation of the image by ↽ is a shift in view angle
of the sinogram, (p⇐Rε)(ω, r) = p(ω ↓ ↽, r), and (ii) p(ω + ⇀, r) = p(ω,↓r)

(the ⇀-periodicity-with-flip identity). We design NOs to be rotation-equivariant
(see Supp. A). For implementation, NOs adopts a circular padding along the
projection angle (ω) axis of the sinogram to account for the inherent periodicity
of projection data. Projections at ω = 0 and ω = 180

↑ correspond to parallel
beam paths and are therefore identical up to a flip along the detector r axis.
More generally, the projection at ω = 180

↑
+⇁ is equivalent to the projection at

ω = ⇁ after a flip along the detector r axis. To preserve this physical continuity,
we use a modified circular padding scheme that first flips the boundary data
along the detector r axis and then wraps it around the projection angle ω axis.

We visualize the equivariant design in Fig. 3b. This design choice is significant
for two reasons. 1) it provides physically consistent boundary conditions in NOs,
preventing discontinuities at ω = 0 and ω = 180

↑ and the artifacts they can cause.
2) It enhances rotational robustness by aligning the network’s inductive biases
with the geometry of the sinogram domain. Since DISCO operators in NOs act
over the (r, ω) axes, which we treat as rectangular axes for NO learning, rotational
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transformations of the image x manifest as translations along these axes, which
can be naturally modeled by the translational equivariance of DISCO. As this
periodicity arises only along the angular dimension, we apply flipped circular
padding along ω and standard reflective padding along r.
UDNO for Spatial Sinogram. NOs,spatial is a UDNO with circular padding,
which learns in the spatial domain of the sinogram. Mathematically, its output
p̂spatial can be written as p̂spatial = NOs,spatial(p̃).
UDNO for Sinogram’s Frequency Component. To learn in the frequency
domain of the sinogram, we first apply a one-dimensional Fourier transform
along the detector (r) axis of the sinogram. The transformed representation
is then processed by the circular-padded UDNO NOs,freq, after which an in-
verse Fourier transform is applied along the same axis to return the output
to the spatial domain. The overall output p̂freq can be written as p̂freq =

F
↓1
r (NOs,freq(Fr(p̃(r, ω)))).

This design is motivated by two complementary considerations. First, the
Fourier slice theorem provides a theoretical foundation for learning in this do-
main. The theorem states that the one-dimensional Fourier transform of the
projection along r satisfies

Fr{p(ω, r)}(ω) = f̂(ω cos ω,ω sin ω), (6)

where f̂(ξx, ξy) is the two-dimensional Fourier transform of the object. This re-
sult implies that the Fourier transform of the sinogram encodes the object’s
frequency spectrum in polar coordinates. Consequently, localized operations in
this domain correspond to global modifications in the reconstructed image, al-
lowing NOs,freq to learn high-level global features about the underlying image.

Second, classical reconstruction algorithms such as FBP incorporate an ex-
plicit prior on the frequency domain of the sinogram by applying fixed frequency-
domain filters (such as the ramp filter) to the one-dimensional Fourier transform
of the sinogram along the detector (r) axis, suppressing low-frequency compo-
nents before backprojection. Our approach can be interpreted as a data-driven
generalization of this idea: rather than imposing a hand-crafted prior, NOs,freq
learns a frequency-domain prior directly from data. This learned prior captures
how the sinogram should be completed under di"erent subsampling conditions,
thus reducing image artifacts and enabling the model to generalize better.
Final Output. The final output of NOs is given by: NOs(p̃) =

p̂spatial+p̂freq
2 ,

which is then passed downstream for processing in the image domain.

4.2 Image-Space Operator NOi

NOi is implemented as a UDNO (Sec. 3.2) that operates directly in the spatial
domain of the image space. DISCO allows NOi to train and infer at di"er-
ent image resolutions. NOi refines and denoises the intermediate reconstruction
obtained from the sinogram-space operator by capturing high-frequency local in-
formation and finer structural details that may not be fully recovered in earlier
stages. This ensures final reconstructions preserve multi-scale features, including
large-scale structural consistency and small-scale details.
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Table 1: Sparse-view CT reconstruction results for AAPM dataset [37]. Lower is better
for RMSE; higher is better for PSNR/SSIM. For all learning methods, a single model is
trained on multi-view sinograms with Nv = 9, 18, 36, 72 views together. For fairness, all
methods are trained using the same amount of data – this di!ers from the resolution-
specific models trained in their original paper since multi-resolution training generally
reduces overfitting (Table 2a). All methods are reported on the entire test set. 9-view
test results are in Supp. C.6 due to space limit.

Category Method
18-view 36-view 72-view

RMSE (HU)↑ PSNR↓ SSIM (x10→2) ↓ RMSE (HU)↑ PSNR↓ SSIM (x10→2) ↓ RMSE (HU)↑ PSNR↓ SSIM (x10→2) ↓

Learning-free
FBP [43] 632.58 ± 42.17 13.14 ± 1.63 33.87 ± 6.32 616.66 ± 41.07 13.36 ± 1.63 36.07 ± 5.89 584.72 ± 38.87 13.82 ± 1.63 40.35 ± 5.66
SART [4] 161.91 ± 5.93 24.97 ± 1.46 59.51 ± 4.53 145.15 ± 2.59 25.91 ± 1.41 69.09 ± 3.37 133.24 ± 1.81 26.66 ± 1.40 76.85 ± 2.06

Di!usion
DPS [16] 149.97 ± 17.34 25.68 ± 1.77 60.08 ± 8.28 100.50 ± 7.33 29.13 ± 1.51 76.71 ± 4.02 75.19 ± 4.71 31.64 ± 1.43 82.61 ± 2.94
ALD [24] 148.13 ± 14.63 25.78 ± 1.71 63.42 ± 7.19 110.19 ± 8.78 28.33 ± 1.46 75.50 ± 3.92 85.17 ± 5.35 30.56 ± 1.41 80.47 ± 3.12

Single pass
DuDoTrans [49] 154.64 ± 6.18 25.36 ± 1.50 69.52 ± 4.32 92.17 ± 3.59 29.88 ± 1.62 78.21 ± 3.59 69.28 ± 4.99 32.35 ± 1.57 81.49 ± 3.38
GloReDi [28] 96.89 ± 10.39 29.47 ± 1.70 78.52 ± 3.69 74.42 ± 6.24 31.74 ± 1.64 83.59 ± 3.05 64.63 ± 4.34 32.96 ± 1.55 85.78 ± 2.60
MDPRNet [42] 151.78 ± 17.64 25.38 ± 1.82 73.05 ± 4.53 116.85 ± 11.28 27.91 ± 1.79 81.60 ± 3.85 74.02 ± 8.93 30.87 ± 1.55 87.18 ± 3.64

Unrolled Networks

Learned PD [2] 155.14 ± 13.54 25.35 ± 1.61 50.21 ± 5.62 126.36 ± 9.79 27.13 ± 1.60 57.7 ± 5.82 91.07 ± 5.70 29.96 ± 1.53 71.88 ± 4.59
LEARN [11] 153.39 ± 22.22 25.51 ± 1.94 73.42 ± 3.90 121.31 ± 16.15 27.53 ± 1.81 77.64 ± 3.41 92.49 ± 12.91 29.90 ± 1.59 81.37 ± 2.72
RegFormer [56] 150.57 ± 21.34 25.67 ± 1.91 72.95 ± 4.02 114.93 ± 15.18 28.00 ± 1.82 77.87 ± 3.56 86.83 ± 10.46 30.43 ± 1.70 81.55 ± 3.01
Unrolled CNN [3] 100.65 ± 11.36 29.14 ± 1.84 78.21 ± 5.47 74.44 ± 8.32 31.76 ± 1.80 82.01 ± 4.95 62.38 ± 11.16 33.35 ± 1.81 84.49 ± 5.27
CTO (ours) 75.97 ± 7.32 31.57 ± 1.73 81.62 ± 4.02 50.79 ± 4.27 35.06 ± 1.64 87.14 ± 3.12 36.64 ± 2.44 37.88 ± 1.56 91.55 ± 1.81

5 Experimental Results

We study a setting in which a single model operates across varying sinogram
sampling rates (Fig. 1a-Right). Using sampling rate as an example, we observe
that existing approaches [6, 11] train separate models for each rate. Such rate-
specific training overfits to the corresponding configuration (Table 2a, row 1-2).
In contrast, training on multiple-sampling-rate data mitigates this issue and im-
proves generalization (Table 2a, row 3-5). For fairness, all methods and baselines
are trained using the same amount of multi-rate data. Baseline method hyper-
parameters are tuned to ensure the best multi-rate performance.

5.1 Dataset and Setup

Datasets: We consider two CT datasets in the paper:

– AAPM Low-Dose Abdominal CT Dataset [37] consists of 5,936 axial
slices with patient ID. Following the split in [28,49], we select 90% of patients
for training and the rest (526 slices) for testing.

– Kidney CT Scan Dataset [21] is from 2019 Kidney and Kidney Tumor
Segmentation Challenge (C4KC-KiTS). For each CT volume, we select the
central 50% of slices and a uniform 10% sample of peripheral slices to ensure
coverage across anatomical variability, resulting in 33,000 training slices from
170 patients. For evaluation, we use 10,000 slices from 40 held-out patients.

Main-text quantitative tables focus on AAPM [37]; Kidney [21] visualization and
results are discussed in main text and further expanded in Supp. C.1.
CTO Implementation. CTO follows unrolled networks [3] with 3 cascades.
Each cascade consists of an image-space operator (NOi) followed by a data
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Ground Truth CTO (ours) Unrolled CNN DPS (diffusion) DuDoTrans SART FBP

6.5013.7129.8629.3634.2238.63

14.6226.7527.0827.7131.8034.27

Fig. 4: Reconstruction on 18-view sampling rate for Abdomen Low-Dose CT dataset
[37] (top row) and Kidney dataset [21] (bottom row). CTO outperforms baselines for
PSNR (upper left) and reconstruction quality.

consistency module. All UDNOs (Sec. 3.2) share the same architectural con-
figuration: DISCO parameterized with a piecewise-linear kernel basis [25] com-
posed of one isotropic basis and 5 anisotropic basis rings, each containing 7 basis
functions (hyperparameter-tuned, CNN baseline matches the model size). Each
UDNO uses one input and one output channel, 32 hidden channels, and four
encoder–decoder (pooling) levels. The DISCO kernels use a radius cuto" of 0.02
and are defined over an input domain of size 256→256. Models are trained using
mean squared error loss with the Adam optimizer and a learning rate of 1e↓ 3.
Baseline: Unrolled Networks. We compare with existing SOTA Model-based
Unrolled Networks like Learned Primal-Dual [2], RegFormer [56], and LEARN
[11]. We also compare with an Unrolled CNN model which uses the same ar-
chitecture as CTO, with DISCOs replaced by regular convolutions. Unrolled
CNN can be considered an ablation study that compares neural operator (func-
tion space) and neural network (discrete space) architecture. However, Unrolled
CNN has slightly di"erent number of parameters than CTO due to a di"erent
kernel configuration.
Baseline: Single-pass methods. We compare with single-pass methods like
DuDoTrans [49], GloReDi [28] and MDPRNet [42]. Details of baseline implemen-
tations, sinogram sampling settings, hardware and training are in Supp. Sec. B.
Evaluation Protocols. CT images represent linear attenuation coe!cients that
are typically interpreted in Hounsfield Units (HU), where water is defined as 0
HU and air as ↓1000 HU. Following [14], we report RMSE after converting
reconstructed images to HU to provide a clinically meaningful measure of recon-
struction error. We also report PSNR and SSIM in the original reconstruction
space (before HU conversion) to assess structural and perceptual fidelity inde-
pendent of scanner calibration. Thus, RMSE (HU) reflects quantitative clinical
accuracy, while PSNR and SSIM capture image similarity.

5.2 Reconstruction with Di!erent Sampling Rates

Multi-Sparse-View Rate Results. We train and evaluate reconstruction per-
formance at 9-, 18-, 36-, and 72-view acquisition settings, where fewer projections
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CNNCTO (ours)Ground Truth
20.727.6

25.229.3

Image-space NO! super resolution
CNNCTO (ours)Ground Truth

13.415.0

12.016.5

Sinogram-space NO" super resolution

Fig. 5: Zero-shot super resolution results. CTO outperforms CNN baseline for both
NOi and NOs super resolution.

correspond to lower radiation at the cost of more ill-posed reconstruction. For
all methods, a single model is trained across all sampling rates. In each training
batch, a sparsity rate is randomly and uniformly chosen, ensuring that all mod-
els train on equal amounts of data for each sparsity rate. Results for the AAPM
dataset [37] are shown in Table 1, and for Kidney dataset in Fig. 1c. Full results
for the C4KC-KiTS Kidney dataset [21] are reported in Supp. C.1.

CTO outperforms learning-free methods [4, 43] and deep learning methods,
including both di"usion methods [16, 24] and architectures like CNNs [3] and
transformers [49]. On the kidney dataset [21], on average across di"erent numbers
of views, we perform 1) 4 dB PSNR better than unrolled CNN baseline; 2)
3 dB PSNR better than di"usion-DPS [16]; 3) 5 dB better than transformer-
DuDoTrans [49]. On the abdomen dataset [37], we perform 1) 3 dB PSNR better
than unrolled CNN baseline; 2) 6 dB better than DPS [16]; 3) 6 dB better than
DuDoTrans [49] on average. Visualizations are in Fig. 4. Note that some baseline
models show di"erent performance from what was reported in their original
papers. This is expected since they train multiple models for each rate.

5.3 Zero-Shot Super-Resolution Results

Super-Resolution on NOi. We evaluate the zero-shot super-resolution capa-
bility of NO in the image domain. All models—CTO, the Unrolled CNN base-
line [3], RegFormer [56], and LEARN [11]—are trained to produce 256 → 256

reconstructions from 18-view sinograms. At inference, we test generalization to
a higher resolution without any fine-tuning : the sinogram-space operator NOs

is kept fixed, and the intermediate 256→ 256 output is bilinearly upsampled to
512→ 512 before image-space processing. Reconstructions are evaluated against
fully sampled ground truth images that have been bilinearly interpolated to
512→ 512. When the resolution doubles, CNN’s fixed-size kernels cover half the
relative receptive field, whereas a NO’s kernel, defined as a continuous func-
tion, maintains the same relative coverage. Consequently, CTO achieves a 3 dB
PSNR gain over the CNN baseline, and 4.8 dB gain over LEARN [11]. As shown
in Fig. 5, the CNN baseline exhibits substantial blurring and aliasing at the
higher resolution, while CTO preserves much sharper detail.
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Table 2: (a) Left: Baseline methods overfit to the seen sampling rate, performing
substantially worse on other rates (row 1-2). Training on all rates together (row 3-5)
mitigates this problem. We adopt multi-rate co-training for all methods for the all-view
setting (row 3-5). (b) Right: Inference and tuning time of methods tested on NVIDIA
A100. CTO is > 500→ faster than di!usion [24].

Method/training rate Test rate
18-view 36-view 72-view

LEARN-72 view 4.16 22.40 32.32
RegFormer-72 view 5.04 24.63 35.11

LEARN-all view 25.51 27.53 29.90
RegFormer-all view 25.67 28.0 30.43
CTO-all view 31.57 35.06 37.88

Category Method Inference Time (s) Tuning Required

Learning-free SART [4] 0.417 ✁

Di!usion DPS [16] 51.58 ✁
ALD [24] 32.72 ✁

Single-pass RegFormer [56] 0.085
CTO (ours) 0.065 ✂

Super-Resolution on NOs. We evaluate zero-shot super-resolution in the sino-
gram domain by training all models—CTO, the Unrolled CNN baseline [3],
RegFormer [56], and LEARN [11]—at one sinogram sampling setting and test-
ing at another. Models are trained on sinograms with 72 views and 672 detectors,
then evaluated on two increased-sinogram-size settings: 1) increased number of
acquisition views: sinograms with 144 views and 672 detectors (CTO outper-
forms Unrolled CNN by 3.5 dB PSNR, LEARN by 3.2 dB PSNR, RegFormer
by 2.8 dB PSNR); 2) further increased number of detectors: sinograms with 144

views and 1344 detectors (CTO outperforms Unrolled CNN by 3.7 dB PSNR,
LEARN by 2.7 dB PSNR, RegFormer by 2.4 dB PSNR.). As shown in Fig. 5,
CTO preserves fine anatomical structures with fewer artifacts compared to the
baselines.

5.4 Analysis and Ablation Study

Rotational Equivariance. As discussed in Sec. 4.1, circular padding enforces
the periodic boundary conditions inherent to the sinogram’s angular domain,
enabling the network to better exploit rotational equivariance. Supp. Table 5
shows that this design leads to a 0.83 dB PSNR gain under 24-view subsampling
(33 dB with circular padding, 32.17 dB without circular padding). Qualitative
results (Fig. 3c) further demonstrate that the reconstruction rotates as the ob-
ject rotates, confirming that the model captures true rotational structure. Our
equivariant design gives a notable improvement in PSNR, indicating that han-
dling angular periodicity explicitly enhances reconstruction quality.
Ablation of NOs and NOi. Averaged over view counts, removing NOi and NOs

individually leads to PSNR drops of 3.86 dB and 4.82 dB, respectively. Within
NOs, removing the spatial branch causes a 3.1 dB drop and the frequency branch
a 2.7 dB drop. Further NOs design ablations are in Supp. Sec. C.3.
DISCO Kernel Hyperparameter Sensitivity. We perform a Bayesian search
over the kernel basis, kernel radius, number of basis rings, and bases per ring for
DISCO in CTO. The results are reported in Supp. Sec. C.4.
Model Inference and Tuning Time. We compare the model development
and inference time of our end-to-end NO with other methods (Table 2b): Dif-
fusion models are at least 500→ slower in inference and require pattern-specific
hyperparameter tuning for each sampling rate, since each rate corresponds to a
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di"erent measurement distribution and the same model cannot be applied di-
rectly across rates. Classical learning-free methods like SART [4] also require
hyperparameter tuning for specific p sampling rates during optimization.
Out of Distribution (OOD) Generalization. We perform several experi-
ments to test OOD generalization of CTO. Results are in Supp. Sec. C.5.
LIDC-IDRI Lung CT Dataset. We also evaluate Unrolled CNN and CTO

on the LIDC-IDRI lung CT dataset [5] in Supp. Sec. C.9.
Complexity analysis. Comparisons with other NO architectures are in Supp.
Sec. D.1, and with the Unrolled CNN baseline in Supp. Sec. D.2.

6 Summary

We present CTO, a unified neural operator-based framework for sparse-view CT
reconstruction that generalizes across di"erent sampling rates of sensory data,
overcoming the limitations of existing deep learning methods, which are tied to
a fixed acquisition sampling rate. Specifically, we adopt the Neural Operator, a
deep learning framework that learns maps between infinite-dimensional function
spaces and thus is agnostic to di"erent data resolutions. By combining rotation-
equivariant discrete-continuous convolutions (DISCO) (a specific neural opera-
tor design that closely mimics convolutions but uses function-space kernels) with
joint spatial–frequency learning in the sinogram domain, CTO achieves robust,
resolution-agnostic reconstructions and consistently outperforms state-of-the-art
methods across varying downsampling regimes, enabling a scalable and flexible
alternative to traditional CT reconstruction techniques. Future work could ex-
tend CTO to more clinically relevant datasets, 3D CT and other computational
imaging tasks, conduct uncertainty analysis on CTO, and evaluate its clinical
applicability across broader scanner protocols.
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