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Abstract. Generative models, particularly Diffusion Models (DM), have
shown strong potential for Computed Tomography (CT) reconstruc-
tion serving as expressive priors for solving ill-posed inverse problems.
However, diffusion-based reconstruction relies on Stochastic Differential
Equations (SDEs) for forward diffusion and reverse denoising, where such
stochasticity can interfere with repeated data consistency corrections in
CT reconstruction. Since CT reconstruction is often time-critical in clin-
ical and interventional scenarios, improving reconstruction efficiency is
essential. In contrast, Flow Matching (FM) models sampling as a deter-
ministic Ordinary Differential Equation (ODE), yielding smooth trajec-
tories without stochastic noise injection. This deterministic formulation
is naturally compatible with repeated data consistency operations. Fur-
thermore, we observe that FM-predicted velocity fields exhibit strong
correlations across adjacent steps. Motivated by this, we propose an FM-
based CT reconstruction framework (FMCT) and an efficient variant
(EFMCT) that reuses previously predicted velocity fields over consecu-
tive steps to substantially reduce the number of Neural network Function
Evaluations (NFEs), thereby improving inference efficiency. We provide
theoretical analysis showing that the error introduced by velocity reuse is
bounded when combined with data consistency operations. Extensive ex-
periments demonstrate that FMCT/EFMCT achieve competitive recon-
struction quality while significantly improving computational efficiency
compared with diffusion-based methods. The codebase is open-sourced
at |https://github.com/EFMCT /EFMCT.

Keywords: CT Reconstruction - Flow Matching - Generative Models.

1 Introduction

Generative models have recently gained popularity for Computed Tomography
(CT) reconstruction due to their strong capability to learn expressive image
priors [24JT413/4]. Among them, Diffusion Models (DM) have achieved state-of-
the-art (SOTA) performance in sparse-view CT reconstruction [I3/4JI8] by learn-
ing the distribution of full-view reconstructions and leveraging it as a powerful
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prior for solving ill-posed inverse problems. Despite their strong reconstruction
quality, DM methods are inherently stochastic because they model the forward
diffusion and reverse denoising processes as Stochastic Differential Equations
(SDEs) [2I]. When combined with inverse problem solving, the repeated data
consistency correction steps required for CT reconstruction can interfere with the
stochastic evolution of the SDE [26/5], leading to a push-and-pull effect between
prior-driven denoising and physics-based correction. This interaction often re-
sults in unstable or inconsistent reconstruction behavior [I8/5], and necessitates
a large number of iterations and Neural network Function Evaluations (NFEs),
typically on the order of thousands. Although deterministic schedulers such as
DDIM [19] have been proposed to reduce the number of reverse steps, achieving
high-quality reconstructions with substantially fewer iterations remains challeng-
ing due to the inherently stochastic formulation of diffusion models.

In clinical practice, CT reconstruction is frequently time-critical. In emer-
gency and interventional settings, rapid image availability directly impacts di-
agnosis and treatment decisions, making time to first image a key performance
metric [8)23]. In addition, modern medical CT systems increasingly target higher
spatial resolutions, which lead to larger reconstruction volumes and further exac-
erbate computational demands [I1]. While conventional Filtered Backprojection
(FBP) provides fast reconstructions, its image quality degrades substantially
under sparse-view or low-dose acquisition, where advanced prior-based methods
become necessary. As a result, the excessive computational cost of diffusion-
based reconstruction methods poses a significant challenge for their practical
deployment in real-world clinical workflows [18].

Flow Matching (FM) offers a fundamentally different modeling perspective
that is particularly well suited to this setting. Instead of stochastic sampling,
FM models deterministic probability transport through an Ordinary Differen-
tial Equation (ODE) [12]. Consequently, FM-based sampling follows a constant
trajectory without stochastic noise injection. This deterministic formulation en-
ables more coherent interaction with repeated data consistency corrections in
inverse problems [2517], thereby mitigating the push-and-pull effect observed
in diffusion-based methods and allowing for more efficient sampling. Further-
more, the velocity fields learned by FM are observed to evolve smoothly along
the ODE trajectory, with strong correlations between adjacent time steps, as
demonstrated in [2] and empirically confirmed in our experiments (see Fig. .
This observation suggests that repeatedly re-evaluating the neural network at
every integration step may be redundant.

Motivated by these properties, we propose an efficient FM-based CT recon-
struction framework that reuses previously predicted velocity fields to substan-
tially reduce the number of NFEs. The reuse of velocity fields introduces only a
controlled integration error, which we show is of the same order as the Euler dis-
cretization error and remains bounded through the explicit data consistency cor-
rections. As a result, the proposed strategy achieves significant efficiency gains
while maintaining competitive reconstruction quality. Our main contributions
are summarized as follows: 1) We propose, to the best of our knowledge, the
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Fig. 1: Left: Cosine similarity between velocity predictions at consecutive FMCT
iterations, with and without data consistency (DC), showing strong inter-step
correlation. Right: Reconstruction performance vs. NFE for DM methods and
FMCT/EFMCT. DM methods use deterministic DDIM for fairness; DPS/MCG
with the original 1000-step DDPM sampler are shown as isolated points. Results
are averaged over 21 AAPM test cases; shaded regions denote standard deviation.

first flow-matching-based framework for CT reconstruction. 2) We introduce a
velocity field reuse strategy that significantly improves the efficiency of FM-based
CT reconstruction by reducing the required NFEs. 3) We provably show that the
single-step reuse error is of the same order as Euler discretization, and does not
alter the overall convergence behavior under bounded consecutive reuse steps.
4) We conduct extensive experiments to demonstrate the reconstruction perfor-
mance and efficiency of the proposed FM-based CT reconstruction method.

2 Method

Problem Formulation. CT reconstruction aims to recover an unknown object
x € R™ from a set of projection measurements y € R™. The measurement
process can be mathematically modeled as a linear system

y = Az, (1)

where A € R™ "™ is the system matrix determined by the acquisition geome-
try. In sparse-view CT, the number of measurements is insufficient (n < m),
making the inverse problem underdetermined and ill-posed. In addition, mea-
surement noise further degrades reconstruction quality. In this work, we focus
on the sparse-view aspect of CT reconstruction.

Flow Maching. Given a source distribution p(x;) and a target distribution
p(xo), FM defines a time-dependent velocity field v; : RY — R? that transports
samples from p(z1) to p(zo) via the ODE [I2]: %2t = vy(x;), ¢ € [0,1]. The
idea of FM is to train to approximate v; by a neural network ¢, which allows
sampling from the target distribution by numerically integrating the ODE. The
optimization objective of FM then becomes

Lrnm = Binra(0,1), womp(ao) |06 (@) — 07 (20)|%. (2)
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Fig.2: Overview of our proposed FMCT(left) and EFMCT(right) method.

However, the marginal velocity field v;(x;) is generally intractable, as it requires
integration over all possible 3. The common way is to replace the marginal
velocity with a conditional velocity field v;(x¢|zo), which is proven in [12] to
yield gradients equivalent to those of Equation

In this work, we focus on one specific conditional linear flow model, also
known as Rectified Flow [I5]. It models the transportation along straight-line
trajectories through interpolation between xy and x;

xr = (1 —t)aeg +tar, ve(we|mo) = 21 — T0. (3)
This leads to the conditional flow matching loss

Lorm = Eii(0,1), zomp(@o), @1 ~pan) |0 (1= t)@o + tx1) — (1 — 20) >, (4)

In practice, we sample x; from a standard Gaussian distribution and use full-
view CT images as xy. Once trained, the model enables deterministic sampling
by integrating the learned velocity field backward from ¢t =1 to t = 0.
Flow Matching for CT Reconstruction. Given a pretrained FM model, we
incorporate physics-based data consistency into the sampling process to enable
CT reconstruction. Each integration step consists of three components.

First, a flow transport step is performed using an explicit Euler update

x,_ A, =@ — Ato? (z). (5)

Second, we estimate the terminal sample at ¢ = 0 via linear extrapolation,
and apply the data consistency operation DC(-) to obtain the correction direction
vpce from measurement aware refinement

&0 = x¢ — tv) (x;), vpe = DC(&g,y, A). (6)

In this work, we implement DC(-) using conjugate gradient [9/6], though the
framework is compatible with other data consistency schemes.
Finally, the data-consistent update is applied as

T At = Ty_ A+ UDC (7)

These steps are repeated iteratively until ¢ = 0 to obtain the final reconstruction.
An overview of the proposed framework is illustrated in Fig. [2}
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Velocity Reuse for Efficient Sampling. Empirically, we observe that the
predicted velocities vte are highly correlated in consecutive steps (Fig. [1)), result-
ing in near-straight trajectories toward the reconstructed image. This behavior
is consistent with the smooth evolution of velocity fields along the underlying
ODE in flow matching. These observations suggest that repeatedly re-evaluating
the neural network at every integration step may be redundant. Moreover, when
combined with explicit data consistency operations, we argue that the small de-
viations introduced by reusing a previously predicted velocity can be effectively
compensated by physics-based corrections, as conceptually illustrated in Fig[2]

Specifically, after computing v; = v?(x;) at time ¢, we reuse this velocity for
up to M consecutive steps:

m:&—(j-i—l)At = Tt—jAt — Atwy, JE [17 M] (8)

Since v, is reused without additional network evaluations, this strategy directly
reduces the number of NFEs. To ensure stability and data fidelity, we perform
an adaptive refinement check at each reuse step

Az, ;i 1ya— Yl <nllAz;_ja, — yl?, (9)

where 7 is a relaxation factor. If violated, we recompute the velocity using the
network, balancing efficiency and accuracy. 7 is emprically set at 1.05.

Proposition 1. Assume that v is locally Lipschitz in both x and t, i.e., |vi(x)—
ve(x)|| < Ll — || and ||ve(x) —vp (x)|| < Lelt —t| for all relevant x, ', t,t'.
Then, for a single reuse step, the local deviation between the reuse update Ty
and the standard Euler update xy.1 satisfies ||€pr1 — xra1|| = O(AL?), i.e.,
velocity reuse introduces a local error of the same order as the Euler discretiza-
tion itself. Moreover, if the same velocity is reused for at most M consecutive
steps (independent of At), and the data-consistency correction is non-expansive
with respect to its image argument, then the deviation remains controlled. The
accumulated deviation after one reuse block is O(M?At).

Proof. Let the noise-to-image Euler update be x;11 = @ — At vy, (@), and let
the reuse update use vy, (zg,) for k =ko,..., ko + M — 1.
Single-Step Error. By Lipschitz continuity,

er = ||lvg, (Tk) — Ve, (®r—1) ||
< Hvtk (xk) - ’Utkfl(wk)n + ||vtk—1($k) - Utk—l(wkfl)‘l
S LtAt + L:EAt”/Utk_l ($k,1)H.

Hence ||Zx11 — Try1]| = Ater = O(At?), matching the error of standard Euler
x(t — At) = 2(t) — At i + O(A#?).

Accumulated Error. Define the standard @y41 = ®r — At vy, (1) + DC (), —
tx vy, (zx)) and reuse updates with DC correction &1 = &) — At vy, (Tk,) +
DC(zy, — tk (rr,)), and let 8 := & — x). Assume DC is k-non-expansive
IDC(x) — DC(z)|| < kl|lz — ||, 0 <k < 1.
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(i) Deviation recursion. Let my := [lvy, (zk) — vt, (Tk,)|| denote the velocity
mismatch. Then

10k11]] < (1 + )10k + (At + st )my.

(i) Velocity mismatch bound. By Lipschitz continuity my, < Ly||l@r — @, || +
Ly |ty —t,| and assuming bounded increments ||z;+1 — ;|| < At Unax, we obtain

my S (k - kO)At(Lt + LxUmax)~

(#ii) Unrolling. Substituting the bound on my, into the recursion and unrolling
over M reuse steps yields [|0k,+ar]| = O(M?At). Therefore the accumulated
deviation remains controlled for bounded reuse length. O

Implication. The proposition implies that velocity reuse introduces a local error
of the same order as the Euler discretization itself. When the reuse length is
bounded, the accumulated error remains controlled over consecutive reuse steps.

3 Results

Comparison Methods. We compare the proposed method with several repre-
sentative SOTS diffusion-based CT reconstruction approaches, including Diffu-
sion Posterior Sampling (DPS) [5], Manifold Constrained Gradient (MCG) [7],
Pseudoinverse-Guided Diffusion Models (PGDM) [20], and Decomposed Diffu-
sion Sampler (DDS) [6]. We also include two classical reconstruction approaches,
FBP and Model-Based Iterative Reconstruction (MBIR) method, Alternating
Direction Method of Multipliers with Total Variation (ADMM-TV) [3I10].
Datasets. Experiments are conducted on two publicly available CT datasets.
1) The AAPM 2016 Low Dose CT Grand Challenge dataset [16], where 512 x 512
slices from nine patients are used for training and patient L506 for testing. 2) The
Medical Segmentation Decathlon CT dataset [1], using the Task 06 Lung subset
(512 % 512), with ten patients for training and patient 017 for evaluation. Sparse-
view measurements with 20 and 40 projections are simulated using the ASTRA
Toolbox [22] under a parallel-beam geometry. This controlled geometry setting
isolates methodological effects. The proposed framework is not geometry-specific
and can be extended to other geometries by modifying the forward operator.
Reconstruction Performance. Table [T] reports the quantitative reconstruc-
tion results. FMCT/EFMCT are often among the highest PSNR and SSIM
across most datasets and view configurations, while requiring substantially fewer
NFEs and lower computation time than diffusion-based baselines. Compared
with FMCT, EFMCT exhibits a slight reduction in PSNR but attains compa-
rable or improved SSIM, accompanied by a significant efficiency improvement.
This demonstrates that the proposed velocity reuse strategy effectively reduces
computational cost while preserving reconstruction quality.

Figure [3] provides a visual comparison. Although ADMM-TV achieves high
PSNR/SSIM, its reconstructions are overly smooth and lack fine details. Diffusion-
based methods and FMCT/EFMCT produce visually sharper and more detailed
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Table 1: Quantitative comparison of reconstruction performance across differ-
ent methods. Mean and standard deviation are reported for PSNR, SSIM, and
data fidelity. The best average result for each metric is shown in bold, and the
second best is underlined. NFE* counts only neural network forward evalua-
tions. | indicates efficiency improvement in computation time (on RTX4090) of
FMCT/EFMCT compared with the most efficient diffusion-based method.

= : :
£ Method 40 views 20 views NFE* /Time(s)
= PSNR SSIM PSNR SSIM
FBP  26.98+0.45 0.691 4+ 0.027 24.01 4+ 0.49 0.547 & 0.029 -/0.02
ADMM 31.94 4+ 0.42 0.836 + 0.027 29.45 4+ 0.46 0.798 + 0.029 -/9.85

DPS 30.05+0.69 0.795+0.033 28.78 £0.81 0.764+0.032 1000/142.16

MCG 30.00+0.79 0.791 4+0.032 27.57 £0.42 0.736 £0.031  1000/143.44
PGDM 30.26 £0.61 0.803 £0.030 29.43+0.60 0.775=+ 0.031 100/29.79

DDS 31.06 +0.40 0.834 +0.030 29.21 £0.36 0.785 4 0.031 50/3.83

FMCT 31.63 4+ 0.39 0.810 £ 0.031 29.98 +0.23 0.769 £ 0.030 25/1.92(] 50%)
EFMCT 31.52+0.28 0.832+0.027 29.524+0.23 0.795 £ 0.027 7/0.83({ 78%)

FBP 28.01+0.76 0.763 £0.037 24.85+0.96 0.618 & 0.039 -/0.02
ADMM 34.40 +£1.23 0.900 £0.021 30.26 +1.03 0.851 £ 0.028 -/9.85
DPS 33.85+1.25 0.870+0.018 31.69 +£1.44 0.842+0.025 1000/142.16
MCG 30.03+1.20 0.824+0.030 28.67 £1.26 0.798 £0.038  1000/143.44
PGDM 34.78 £1.23 0.899 +£0.014 31.824+1.19 0.860 £ 0.018 100/29.79
DDS 37.66 +1.20 0.923 +0.009 33.00 £1.29 0.873 +0.018 100/7.65

FMCT 37.65+1.53 0.912+0.020 33.41 £ 1.57 0.841 £ 0.036 50/4.09(] 47%)
EFMCT 37.56 + 1.37 0.940 + 0.014 33.21 +1.29 0.888 +0.024 11/1.72({ 78%)

AAPM

Decathlon

reconstructions, though they do not always exactly match the reference. This be-
havior is expected in sparse-view CT, where the problem is severely ill-posed and
multiple reconstructions can satisfy the measurements. Generative methods bal-
ance data consistency with adherence to the learned prior, which may lead to
small deviations in fine-scale details.

Impact of Velocity Reuse Strategy. We analyze the effect of the proposed ve-
locity reuse strategy through an ablation study shown in Fig.[d] The experiments
are conducted on 21 randomly selected test CT images, with the total number
of sampling iterations fixed to 50. In the first ablation, we vary the iteration at
which velocity reuse is enabled while fixing the maximum number of consecutive
reuse steps to 10. Enabling reuse too early leads to an initial drop in reconstruc-
tion performance, whereas delaying reuse to later iterations gradually improves
PSNR and SSIM. This behavior suggests that early-stage sampling is more sen-
sitive to approximation errors, while reuse becomes safer once the reconstruction
has approached a more stable trajectory. Consequently, velocity reuse is better
suited to mid- or late-stage sampling. In the second ablation, velocity reuse is
enabled from the first iteration, and the maximum number of allowed consecu-
tive reuse steps is varied. Increasing the reuse limit initially improves PSNR and
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Fig. 3: Visual comparison of reconstructions across different methods, datasets,
and views. PSNR, SSIM, and reconstruction time are shown in the lower-left,
lower-right, and upper-right corners of each image, respectively. Only the best
three diffusion-based methods are visualized. Zoom in for more details.

SSIM, indicating that moderate reuse does not adversely affect reconstruction
quality. However, allowing excessive consecutive reuse results in a general per-
formance degradation, revealing a trade-off between reconstruction quality and
computational efficiency. Aggressive reuse substantially reduces computational
cost but may compromise reconstruction accuracy. For all EFMCT results, we
adopt a reuse strategy that enables velocity reuse after the first iteration and
allows up to 10 consecutive reuse steps in all experiments.

4 Conclusion

In this work, we proposed FMCT/EFMCT, representing the first application
of flow matching to CT reconstruction. By exploiting the deterministic trans-
port structure of flow matching, we introduced a velocity reuse strategy that
substantially reduces NFEs. We provided theoretical analysis showing that the
error introduced by velocity reuse is of the same order as Euler discretization
and remains bounded when combined with explicit data consistency operations.
Extensive experiments on multiple datasets demonstrate that FMCT/EFMCT
achieve competitive reconstruction quality while significantly improving compu-
tational efficiency compared with diffusion-based methods. We believe that the
proposed framework offers a practical and principled approach toward efficient
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Fig.4: Ablation of the velocity reuse strategy. Left: Reuse enabled after differ-
ent iteration indices. Right: Varying the maximum number of consecutive reuse
steps. Shaded regions indicate standard deviation.

generative CT reconstruction, with the potential to facilitate the deployment of
advanced reconstruction methodologies in real-world clinical settings.
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