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Abstract. Magnetic resonance imaging comes in various modality con-
trasts that provide complementary anatomical and pathological informa-
tion. Complete multimodal acquisitions are often unavailable due to time
and protocol constraints. This leads to real-world datasets with missing
modalities, where conventional medical image translation methods are
typically limited to fixed source-target settings or require retraining for
each observed source-target pair. We propose a unified framework that
formulates missing-modality generation as a linear inverse problem un-
der a joint distribution and solves it via posterior sampling with a flow
matching model. By learning a joint prior over the complete modality
set, our method can reconstruct arbitrary missing modalities at inference
time by guiding the sampling trajectory to enforce measurement consis-
tency with observed modalities. We further mitigate inter-modality er-
ror propagation in multi-target generation by adopting a many-to-one
sampling strategy. Experiments on BraTS and IXI datasets show that
our method achieves the best performance over baselines across most
missing-modality scenarios. In downstream tumor segmentation, synthe-
sized images from our method result in higher segmentation performance,
indicating better preservation of clinically relevant structures. Our code
is available at github.com/jongdory/PS-MIT.

Keywords: Medical Image Translation - Posterior Sampling - Flow Match-
ing

1 Introduction

Magnetic resonance imaging (MRI) is an essential non-invasive tool in clinical
workflows [25]. MRI comes in multiple modalities, such as T1-weighted, T2-
weighted, and T2-weighted fluid-attenuated inversion recovery (FLAIR) images,
that provide complementary anatomical and pathological information [35]. For
example, T1-weighted images emphasize anatomy and tissue boundaries, while
T2-weighted and FLAIR images provide contrast for identifying pathological
changes, such as edema or lesions, by highlighting differences in water content
[13,16]. Analyzing these multimodal images is necessary for a comprehensive
understanding of a patient’s condition. Despite their clinical utility, acquiring a
complete set of modalities is impractical due to time and protocol constraints.
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Fig.1: Overview of representative missing-modality generation frameworks. (a)
GAN-based method [43] concatenates observed modalities channel-wise and handles
missing channels with zeros. (b) CCR [46] removes source information from encoder
features and injects target information. (¢) MMHVAE |[14] generates targets from
latent variables using features from modality-specific encoders. (d) Ours uses a flow-
based model and posterior sampling. The sampling trajectory is guided by the current
estimate & and measurements y to enforce consistency with observed modalities.

For instance, FLAIR requires long repetition and inversion times to suppress
cerebrospinal fluid signals [30,35]. As a result, real-world datasets often contain
incomplete data where certain modalities are missing.

To address the missing-modality problem, medical image translation has been
studied with generative models, evolving from generative adversarial network
(GAN)-based methods to diffusion-based methods [2, 11, 27,29, 36, 47]. How-
ever, existing work focuses on fixed translation settings, translating a commonly
available source modality into a frequently missing target modality. Such fixed
formulations do not reflect the diverse missing-modality scenarios encountered
in practice and often require training separate models for different input-output
pairs. In fixed settings, if a specific required modality is missing, models can-
not perform synthesis and cannot benefit from additional available modalities
that potentially improve generation quality. Consequently, these methods are
inflexible and inefficient to deploy across tasks. An ideal framework should sup-
port synthesis from arbitrary observed modalities within a unified model and
dynamically fuse information across available modalities [14,43,46].

To address these requirements, unified approaches such as MM-GAN [43],
ResViT [11], CCR [46], and MMHVAE [14] have been proposed to generate
missing modalities from partially observed inputs (Fig 1). For instance, MM-
GAN [43] and ResViT [11] rely on zero imputation to handle incomplete data.
CCR [46] attempts to explicitly disentangle contrast and content representations,
but in medical imaging, these two components are highly related. MRI contrast
depends on the intrinsic relaxation times of specific anatomical structures. Thus,
decoupling them could result in the loss of critical pathological features, such
as tumor edema [6]. Forcing this separation risks losing inherent correlations
causing structural distortions in the synthesized images. MMHVAE [14] utilizes
a multi-level hierarchical structure to generate high-resolution images, which
requires a complex design to compress and reconstruct information at each layer
managing dependencies between latent variables. Furthermore, the optimization
of multiple sub-networks and the hierarchical structure makes it challenging to
balance the various loss terms.
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Unlike previous methods that depend on complex architectural or explicit
disentanglement, we treat missing modality generation as a linear inverse prob-
lem under a joint distribution and solve it via posterior sampling [7,45] with an
iterative generative model [22, 31,32, 44]. We train a flow-based model [31] to
learn the joint prior over the complete modality set. At inference time, we start
from noise and guide the sampling trajectory using the observed modalities to
reconstruct missing modalities. Our method has the advantage of addressing all
missing scenarios by learning a standard joint prior. By learning a single joint
prior, our method supports diverse observed-missing combinations and leverages
all available modalities.

Our contributions are as follows:

o We propose a novel approach for missing modality generation by training a
joint generative model and employing posterior sampling.

o We identify the error accumulation when generating multiple modalities si-
multaneously and propose a many-to-one sampling strategy to mitigate this.

o Our approach successfully generates missing modalities and outperforms
baseline models on the BraTS and IXI datasets.

2 Related Works

Medical Image Translation. Medical image translation aims to synthesize
missing modalities. Prior work has adopted GANs [18] and, more recently, diffu-
sion models [22]. Early GAN-based approaches primarily relied on the Pix2Pix
[24], with notable advancements such as Ea-GAN [47] for edge guidance, ResViT
[11] for transformer-based architectures, and RegGAN [29] for addressing spatial
misalignments. More recently, diffusion-based models have emerged, including
ALDM [27], which utilizes style information within the latent space. SynDiff [36]
integrates the diffusion process with adversarial training. SelfRDB [2] employs a
diffusion-bridge mechanism. However, these models are typically constrained to
fixed one-to-one or many-to-one settings. To support diverse missing-modality
scenarios (Fig. 1), unified frameworks such as MM-GAN [43], CCR [46], and
MMHVAE [14] have been proposed. They broaden the translation setting be-
yond fixed pairs but often introduce additional architectural or optimization
complexity. In contrast, our approach avoids specialized architectures by learn-
ing a joint generative prior over the complete multimodal set and reconstructing
missing modalities via posterior sampling at inference time.

Inverse Problems. Inverse problems aim to recover a true signal  from a
measurement y corrupted by a forward model. This forward model usually rep-
resents a physical, computational, or statistical process that maps the true signal
to the measurement space. This process often introduces noise, distortion, or in-
formation loss. Recent methods leverage pre-trained diffusion and flow-based
models as generative priors p(x). By integrating the forward model and mea-
surement, these approaches sample from the posterior p(x|y), often utilizing the
log-likelihood gradient V log p(y|x), to solve tasks like inpainting and super-
resolution without task-specific retraining [12]. Early works focused on diffusion
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models that operate in pixel space [7-9,45]. These methods were later extended
to latent space to take advantage of pre-trained latent models [10,42,49]. More
recently, flow-based models have been proposed for solving linear inverse prob-
lems [26,38]. DPS [7] guides the reverse diffusion process using an approximation
of the likelihood gradient to improve measurement consistency. DDNM [45] en-
forces data consistency via a projection-based decomposition into range and null
spaces. PSLD [42] applies gradient-based guidance in the latent space to enable
efficient high-resolution restoration. These posterior-sampling methods have also
been extended to flow models. FlowChef 38| introduces a guidance term into
the reverse ordinary differential equation (ODE) to enforce data consistency,
while FlowDPS [26] generalizes posterior sampling to affine flows by decompos-
ing Euler steps using a generalized Tweedie’s formula [15]. These methods can
be categorized by their constraint mechanisms. DPS, FlowChef, and FlowDPS
use gradient-based soft constraints. In contrast, DDNM uses a projection-based
hard constraint to enforce measurement consistency. PSLD uses a hybrid ap-
proach that combines gradient-based and projection-based constraints. While
previous studies have primarily focused on improving the perceptual quality in
natural image domain, our goal is to improve image fidelity in the medical do-
main. We compare the performance of various posterior sampling methods to
identify the optimal method.

3 Preliminaries

3.1 Conditional Flow Matching.

Conditional flow matching (CFM) learns a probability path p; that transports
a noise distribution py to a data distribution ¢ via a straight-line trajectory. We
define x; as:

xy = (1 —t)axo + txq, (1)

where ¢t € [0,1], g ~ po is noise and x; ~ ¢ is a target sample. The corre-
sponding conditional vector field is wi(x1|xg) = ®1 — ®p. Our model takes a
multi-channel image x;, where each channel corresponds to a different modality.
The training objective is:

£CFM(Q) = ]Et,q(w1)7po(wo)”ue(mtat) - (:131 - :130)H27 (2)

where 6 denotes the learnable parameters of the neural network for uy and ¢
is sampled uniformly from ¢(0,1). This objective trains the vector field that
transforms a Gaussian distribution into a multimodal data distribution.

3.2 Problem Formulation

The task of reconstructing missing modalities can be mathematically formulated
as a linear inverse problem. A typical linear inverse problem aims to recover an
unknown clean sample z; € R? from a set of measurements y:

y=Ax; +n eR™, (3)
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Fig. 2: Overview of the proposed training and inference pipeline. (a) The measurement
operator A masks missing modality channels and y denotes the observed modalities.
(b) The flow-based model learns a time-dependent vector field that transports noise
to data. (c) At inference, missing modalities are reconstructed via posterior sampling
guided to minimize the difference between the projected estimate A(#1) and y.

where A € R™*? is the measurement operator and n ~ N(0, o2I) denotes Gaus-
sian noise. Inverse problems are inherently ill-posed. There are multiple solutions
x that satisfy Eq. 3. We represent a multimodal sample as a multi-channel im-
age £ € REOW where C denotes the number of modalities. The masking
operator A selects the observed input modality channels. In our work, A is a
channel-selection operator determined by the available modalities at inference
time and y contains only observed channels.

4 Methods

We formulate missing-modality generation as a linear inverse problem and solve
it using a pre-trained flow-based model. Specifically, we learn a joint generative
model over multi-modal images by representing all modalities as channels of a
single multi-channel sample. At inference time, missing modalities are recon-
structed via posterior sampling (Fig. 2). The model learns a probability path
from noise to data by predicting the corresponding vector field at each time
step t. During sampling, we enforce measurement consistency using the resid-
ual between the projected estimate A(&1) and the measurement y, guiding the
trajectory to synthesize missing channels while preserving observed modalities.

4.1 Measurement-Consistent Sampling

In medical image translation, fidelity is the main priority and takes precedence
over perceptual quality or diversity [39]. Any structural inconsistency or hallu-
cination in the synthesized output can severely compromise its clinical utility.
To mitigate these risks and ensure anatomical accuracy, we employ a sampling
strategy that enforces strict data consistency. Flow-based models generate sam-
ples by solving the probability flow ODE. The sampling update is defined as:

d$t = Vg (ﬂit, t) dt, Litdt = Tt + vg (113,5, t) dt, (4)
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Fig. 3: Mitigating inter-modality error propagation. (a) Jointly synthesizing multiple
modalities may propagate errors across channels (red arrows). (b) Many-to-one sam-
pling generates one target modality at a time, avoiding interference from other syn-
thesized channels. (¢) For training, our model uses random combinations of observed-
target scenarios and calculates the vector field of the observed channels.

where vy denotes the vector field predicted by the model. To reconstruct missing
modalities while preserving the observed modalities, we introduce two inter-
ventions during sampling. First, we anchor the observed channels by replacing
the predicted vector field in those channels with a measurement-induced vector
field. Following inpainting-style strategies, we enforce the ideal velocity toward
the ground truth in the observed channels, while letting the unobserved (miss-
ing) channels evolve according to the model prediction [33,34]. Let C be the
number of modality channels and let y denote the observed measurements. We
use a binary channel mask m € {0,1}¢ to indicate which channels are observed
or missing. The modified vector field v; used for the update step is defined as:

0y =m O (y—xo) + (1 —m) ©ugp(ay, t). (5)

This keeps observed channels consistent, while allowing the model to synthesize
missing channels. Second, we apply a posterior-sampling guidance term mini-
mizing a ||y — A(21)||%, which steers the trajectory toward the measurement-
consistent set:

i — sVa, |y — A@1)]3, (6)

where Vg, is the gradient of &; and s denotes the step size.

4.2 Mitigating Inter-Modality Error Propagation

The proposed method can simultaneously synthesize all modalities regardless of
the number of missing modalities. However, in scenarios with multiple missing
modalities, particularly in many-to-many generation tasks, error accumulation
may occur. During generation, deviations from the target trajectory in a given
modality can propagate to other modalities, potentially affecting the generation
paths of other target modalities. The generation process should rely solely on
real, observed information. However, the joint generation process allows irrele-
vant information or errors originating from an intermediate stage of unverified
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modalities to propagate to other target modalities (Fig. 3(a)). These accumu-
lated errors can lead to severe structural inconsistencies. In contrast, as shown in
Fig. 3(b), the single-target generation process fully utilizes the observed modality
information without incorrect guidance.

Training Strategy. The training process must be flexible to handle diverse
target generation scenarios. The model should use only the observed modalities
as inputs for each target translation task. For example, in T2—FLAIR scenario
(Fig. 3(c)), only the T2 and FLAIR channels remain active while other channels
are masked. During the sampling process, FLAIR is generated with the observed
modality T2. To handle all scenarios, the model is trained on the vector field
of the input modalities. Missing modalities are zeroed to be excluded from the
computation, as zero-filling an input channel is equivalent to its removal [17,48].
The convolution operation relies on the multiplication of inputs and kernels, thus
setting an input channel to zero is equivalent to pruning its corresponding weight
channel. We scale the output based on the number of inputs after the convolution
step to prevent variability due to varying numbers of channels. During training,
we employ a stochastic masking strategy where up to two input channels are
randomly masked. We define a scenario mask my € {0,1}¢ to indicate which
channels are used. The model is optimized using a partial loss as shown in Fig. 3.

Sampling Strategy. For many-
to-one sampling, we ensure that
only the observed and target
modalities influence the genera-
tion process with scenario mask

Algorithm 1 Many-to-one sampling

1: Input: Flow-based model ug, input noise
sample g ~ N (0, I), mask m, scenario mask
ms, measurements y, and step size s.

2: for t € {0...1} do
mg. For example, if there are 3. Ty — M O 2y // scenario masking
two observed modalities and one 4. v ug(@¢, t)
target modality, all other chan- 5: dt + 1/T
nels are zeroed so that only 6: Tz +(1—1t)-v
these three channels are active. T: @y @t — 5V |y — A(@1)]13 // Eq. 6
We perform posterior sampling & v «—y—mo // observed vector field
guided by the observed modali- % v mOv+(1-m)ov //Eq.5
10: Tiy1 < xe +dt-v

ties and overwrite the observed
vector fields using the mask m.
The many-to-one sampling procedure is summarized in Algorithm 1. Notably, in
the absence of mg, the procedure becomes many-to-many sampling.

11: return x;

Expectation Approximation Sampling. In physical MRI acquisition, noise
is inevitable [19]. Generative models learn this inherent noise during training.
In practice, repeatedly acquiring MRIs and averaging the signals can effectively
suppress this noise [1,40]. Ideally, as the number of acquired samples approaches
infinity, the average converges to a noise-free image. Similarly, since flow-based
models sample non-deterministically from random noise, each generated sample
contains different random noise. Leveraging this, previous research [39] proposed
Expectation-Approximation (ExpA) sampling, which adapts the physical prin-
ciple of signal averaging to generative models to suppress noise. The noise-free
image x’ can be approximated by averaging multiple generated samples with the
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number of ExpA sampling Ngy:

Egop, = lim 2 ~ lim & = 7
gopg = (JM Tyg, x lim Zy, =, (7)
where py is the probability distribution based on networks, & is a generated
image, x is the average of generated images, and & is the average of measured
images.

5 Experiments

5.1 Experimental Setup

Datasets. We used the BraTS2023 [3,4,35] and IXI ! datasets for model training
and validation. From the BraT§S, we used T1w, T2w, Tlce, and FLAIR images.
A total of 1140 subjects were randomly selected, with 1000 used for training, 40
for validation, and 100 for testing. All images were skull-stripped and resampled
to 1 mm isotropic resolution. From the IXI dataset, we used Tlw, T2w, and
proton density (PD) images. We randomly selected 200 subjects, allocating 120
for training, 20 for validation, and 60 for testing. All images were preprocessed
for skull stripping, affine registration, and resampling to a spacing of 0.9375 x
0.9375 x 1.2mm3.

Implementation Details. All experiments were performed using PyTorch [37]
in Python with CUDA 12.1 and the Adam |[28] optimizer was employed for
training. A single NVIDIA A100 80GB GPU was used. For the sampling, the
number of function evaluations (NFE) was set to 40, while Ngyx was set to 10.
We adopted PSLD [42] as the posterior sampling method.

Model Architectures. The backbone network architecture was a UNet [41]
with both the encoder and decoder comprising four ResNet [20] blocks using
128, 256, 512, and 512 channels.

Metrics. To evaluate image fidelity, PSNR and SSIM were utilized. The per-
ceptual quality was assessed using FID [21] and LPIPS [50] to quantify the
perception-distortion trade-off [5].

Comparison Methods. We compared the unified models, MM-GAN [43], ResViT
[11], CCR [46], and MMHVAE [14] as baseline models for generating missing
modalities. Additionally, we compared various posterior sampling methods of
DPS [7], DDNM [45], PSLD [42], FlowChef [38], and FlowDPS [26]. The supple-
ment contains details of the posterior sampling methods.

5.2 Results with Comparison Methods

Results on the BraTS. We evaluated our method across all possible missing
modality scenarios on the BraT$S, with quantitative results summarized in Table
1. In most cases, the proposed method outperformed the baselines. Performance

! https://brain-development.org/ixi-dataset/
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Table 1: Quantitative performance of MRI synthesis with baselines on the BraTsS.
T1, T2, Tice, and T2y denote T1-weighted, T2-weighted, T1 contrast-enhanced, and
FLAIR, respectively. Sources denote the observed modalities. Mean and standard de-
viation values are presented. Blue indicates the best performance. Underline indicates
statistically significant differences compared to all others (p < 0.05).

Target | Sources | PSNR (dB) 1 | SSIM (%) T
‘ T1 Tz Tie Toy ‘ MMGAN ResViT CCR MMHVAE Ours ‘ MMGAN ResViT CCR MMHVAE Ours
T o e o o 24.36 (2.63) 2‘3 05 (2.12) 24.02 (2.51) 22.67 (2.49) 5 90.28 (3.24) 89.61 (3.37) 89.92 (3.20) 88.10 (3.47) 90.52 (3.12)
° 25.24 (3.00) 2 25.15 (2.63) 23.92 (2.60) 1) | 87.70 (3.27) 87.40 (3.31) 87.59 (3.01) 89.15 (3.57) 88.17 (2.80)
o o o e |23.96(224) 22.95 (1.60) 23.63 (2.37) 21.49 (2.51) 88.02 (2.85) 88.01 (2.83) 87.74 (3.02) 84.28 (3.09) 88.27 ( xnr»)
o e e o |2601 (326 24.01 (3.14) 2550 (2.83) 24.61 (2.85) 3) | 91.94 (320) 90.82 (352) 91.73 (286) 90.63 (3.52) ¢ )
o e o e 24.90 (2.55) 23.83 (2.34) 24.47 (2.58) 23.05 (2.74) 90.93 (2.98) 89.16 (3.13) 90.49 (2.89) 89.02 (2.99) 9
o o e e |2609(311) 24.10 (2.80) 25.35 (2.67) 24.21 (2.54) (2.25) | 91.29 (3.07) 90.40 (310) 9107 (271) 89.98 (321) 9L
o e e e |2623(322) 24.66(3.06) 2554 (2.87) 24.76 (2.73) (2.24) 92.15 (3.10) 91.25 (3.42) 91.80 (2.74) 90.35 (2.99) 9
Ta e o o o 23.20 (2.35) 23.28 (1.96) 22.33 (2.54) 20.53 (2.39) 23.56 (2.70) ‘ 88.31 (6.92) 88.57 (3.45) 87.76 (7.06) 85.10 (7.22) 88.47 (3.89)
o o e o 22.82 (2.26) 2 (1.75)  22.40 (2.18) 20.84 (2.14) (1.89) 87.44 (6.55) 88.06 (2.71) 86.69 (6.48) 83.88 (6.56) 85.46 (2.83)
o o o e ] 3. 2.01) 22.05 (2.04) 20.88 (1.84) 23) ‘ 87.06 (6.34) 87.69 (2.54) 86.70 (6.66) 83.66 (6.56) 88.15 (3.02)
e o e o 23.61 (1.84) 23.11 (2.35) 21.25 (2.34) ) 89.16 (6.72) 88.53 (6.70) 85.76 (6.93) 90.27 (3.38)
e o o e 5 (2.42) 4.42 (2.18)  23.53 (2.38) 21.81 (2.26) ( ) ‘ 90.07 (6.78) 89.74 (6.88) 87.04 (6.85) 91.87
o o e e 24 46 (2 44) 24.31 (1.98) 23.53 (2.24) 22.13 (2.24) (1.98) 89.59 (6.54) 90.07 (z 55) 89.10 (6.58) 86.49 (6.58) 90.89 (2.97)
e o e o 24.89 (2.67) 24.49 (2.08) 24.00 (2.39) 22.32 (2.38) (2.18) ‘ 90.67 (6.75) 90.92 (2.91) 90.21 (6.74) 87.51 (6.81) 92.60 (3.16)
e o o o o |2270 (200 22.88 (2.04) 21.92 (1.96) 22.11 (2.50) 3.28) 87.15 (3.71) 85.62 (3.36) 86.98 (3.71) 85.74 (3.81) 87.28 (3.70)
o e o o |2234(219) 21.46 (1.79) 21.75 (1.89) 20.98 (2 03) 08) \ 86.23 (2.92) 83.69 (2.62) 85.25 (2.81) 83.99 (2.86) 86.60 (2.96)
o o o e |2212(18s) 2148 (1.72) 21.58 (1.66) 20.68 (2.01) 22.72 (2.54) 84.85 (3.03) 83.26 (2.83) 83.95 (3.11) 80.71 (3.05) 85.00 (3.18)
e o 0o o 23.32 (2.47) 22.84 (2.12) 22.42 (1.88) 22. 53 (2 53) 24.95 (3.10) \ 88.46 (3.26) 85.77 (3.00) 87.40 (3.40) 86.54 (3.47) 89.38 (3.34)
e o o e |2299(236) 22.78 (205) 22.18 (1.79) 22.54 (2.50) 24.62 (3.14) 87.98 (3.46) 85.25 (3.25) 87.27 (3.48) 85.72 (3.92) 89.17 (3.26)
o e o e 22.69 (2.13)  22.15 (1.88) 22.11 (1.81) 2I. 10 (2 oa) .91 (2.61) \ 87.23 (2.85) 85.65 (2.66) 86.22 (2.74) 84.07 (2.85) 88.04 (2.89)
e o O o 23.30 (2.64) 22.95 (2.21) 22.49 (1.85) 22.76 (2.18) 12) 88.69 (3.21) 86.14 (3.03) 87.82 (3.18) 86.06 (3.41) 90. 08)
Taf e o o o 20.73 (2.27)  20.30 (2.01) 20.16 (1.93) 19.73 (1.49) 21.45 (2.22) \ 84.26 (3.08) 84.32 (2.77) 83.32 (3.15) 82.16 (3.29) 84.70 (3.42)
o e o o |2263(267) 2248 (2.30) 21.39 (2.43) 20.96 (2.04) 22.98 (232) 85.34 (3.33) 85.42 (2.86) 85.50 (3.47) 84.28 (3.56) 85.55 (3.13)
o o e o 21.73 (2.33) 22.41 (2.14) 20.64 (1.96) 20.20 (1.74) 22.27 (1.95) \ 83.49 (3.22) 83.62 (2.86) 83.07 (3.31) 81.53 (3.08)
o o o o |2322( 2391 (2.54) 21.81 (2.56) 21.86 (2.11) 24.51 (2.33) 87.81 (3.08) 87.73 (2.86) 87.01 (3.14) 85.77 (3.06)
e o e o 22.37 (2.35) 22.76 (2.12) 21.04 (2.16) 20.41 (1.70) 23.18 (2.05) ‘ 85.78 (3.01) 85.76 (2.74) 84.52 (3.20) 82.80 (3.04)
o e e o |2327(251) 23.92 (235 22.00 (2.51) 21.92 (2.02) 24.29 (2.71) 87.68 (3.01) S87.55 (2.81) 86.72 (3.21) 85.13 (3.03) )
e o o O 23.55 (2.63) 23.93 (2.32) 22.10 (2.63) 21.75 (1.85) 24.72 (2.70) \ 88.27 (2.99) 87.88 (2.75) 87.29 (3.12) 84.57 (2.83) 89.11 (3.18)

improved incrementally as the number of source (observed) modalities increased
from one to three. For single-source scenarios, T1 synthesis was most effective
when using T1lce or T2 as the source. For other targets, the best source modalities
were FLAIR for T2 synthesis, T1 for T'1ce synthesis, and T2 for FLAIR synthesis.
Similarly, in two-source scenarios, the highest performance was achieved by the
combinations of {T2, Tlce} for T1, {T1, FLAIR} for T2, and {T1, T2} for both
Tlce and FLAIR. Using Tlce or FLAIR as the source did not always result
in the highest scores, even though they are rich in tumor information. This is
because the metrics are calculated on the whole image, rather than just tumor
regions. This suggests that other structures and contrast outside the tumor are
more heavily weighted when using other modalities as the source. This tendency
was also observed in the baseline models.

Statistical analysis via t-tests revealed that our method achieved significant
improvements over others in terms of PSNR across all tasks (p < 0.05). How-
ever, significant differences in SSIM were primarily observed in two-source tasks,
with less improvement in single-source scenarios. To investigate this, we visual-
ized results for three specific cases (T1 — T2, {T1, T2} — FLAIR, and {T1,
T2, FLAIR} — Tlce), as shown in Fig. 4. In the single-source case, while our
method produced noise-free images, they appeared slightly blurrier compared
to the baselines, which likely affected the SSIM scores. Nevertheless, our model
successfully reconstructed images similar to the ground truth without structural
hallucinations. As the number of source modalities increased, the synthesized
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Fig. 4: Qualitative comparison of our method with baselines for synthesizing in various
scenarios. Top: T1 — T2 synthesis. The bounding boxes show zoomed-in views of
the brain tumor and ventricular regions. Middle: T1, T2 — FLAIR synthesis. The
bounding boxes show zoomed-in views of the brain tumor and ventricular regions.
Bottom: T1, T2, FLAIR — Tlce synthesis. The bounding boxes show zoomed-in
views of the brain tumor region.

Table 2: Quantitative performance of MRI synthesis with baselines on the IXI. Mean
and standard deviation values are presented. Blue indicates the best performance.
Underline indicates statistical significance compared to all others (p < 0.05).

s %
Target | Sources | PSNR (dB) 1 | SSIM (%) 1
‘ T, T2 PD ‘ MMGAN ResViT CCR MMHVAE Ours ‘ MMGAN ResViT CCR MMHVAE
T o e o 23.84 (2.48) 24.00 (2.71) 21.64 (1.64) 23.76 (2.63) 24.64 (1.53) | 90.10 (4.98) 90.29 (4.81) 89.84 (4.61) 88.28 (4.72)
o o e \ 23.31 (2.22)  23.89 (2.57) 22.17 (1.66) 22.50 (2.14) 89.13 (4.55)  89.50 (4.93) 86.49 (3.73) 84.38 (4.14)
o e e 24.24 (2.65) 24.79 (2.94) 21.68 (1.80) 24.09 (2.68) 91.16 (5.08) 91.33 (5.38) 89.97 (4.77) 87.77 (4.66) .
Ta e o o \ 21.20 (1.69) 20.82 (1.42) 20.11 (1.21) 21.86 (1.78) 88.45 (4.21)  88.79 (4.36) 86.69 (3.86) 88.28 (4.31) 89.51 (2.14)
o o e 21.45 (1.39)  22.92 (1.44) 20.51 (1.06) 23.35 (1.43) 89.99 (2.79) 89.63 (3.05) 88.09 (2.92) 90.11 (2.97) 90.18 (1.40)
e o o ‘ 22.18 (1.62) 23.70 (1.55) 22.27 (1.60) 24.24 (2.04) 91.16 (3.01) 91.22 (3.26) 91.36 (3.35) 91.58 (3.14) 91.80 (3.12)
PD e o o 23.19 (1.84) 23.57 (1.90) 23. 11 (1 ﬂ) 23.24 (1.78) 87.79 (3.93) 88.03 (4.16) 86.52 (3.65) 86.67 (3.64) )
o e o ‘ 26.07 (1.62)  26.39 (1.95) 4 26.03 (1.66) 91.04 (2.92)  90.61 (3.03) 89.47 (2.79)  90.63 (2.90)
e o o© 26.31 (1.60) 26.49 (2.18) 26.13 (1.93) 92.35 (2.94)  92.39 (3.30) 90.60 (2.96) 90.81 (2.91)

images became sharper. Unlike competing models that failed to accurately rep-
resent tumor regions, our method showed the highest fidelity to the ground
truth in terms of overall contrast, structural detail. Specifically, T'1ce synthesis,
the most challenging task due to the difficulty of predicting enhancing tumor and
tumor core regions, highlighted the robustness of our approach. While baselines
failed to capture tumor details, often underestimating enhancing regions (MM-
GAN, CCR, MMHVAE) or producing distortions (ResViT), our model achieved
the most accurate and realistic depictions of the tumor.

Results on the IXI. We compared the missing modality synthesis results for
all possible scenarios on the IXI, with the quantitative results summarized in
Table 2. Unlike on the BraTS, which consists of tumor patient images, IXI
contains normal brain scans. Consistent with the trends observed on the BraTS§,
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Table 3: Quantitative performance of MRI synthesis with different posterior sampling
methods on the BraTS. Mean and standard deviation values are presented. Blue indi-
cates the best performance. Cyan indicates the second best performance.

Target | Sources | PSNR (dB) | SSIM (%) 1
‘ Ty Tz Tie Tayp ‘ DPS DDNM PSLD FlowChef FlowDPS ‘ DPS DDNM PSLD FlowChef FlowDPS
Ty o e o o 24.21 (2.01) 24.26 (1.93) 25 )() (2.39) 24.21 (1.99) 24.10 (1.89) 87.37 (2.62) 90.52 (3.12) 87.29 (2.65) 85.49 (2 97)
‘ o o e o 25.32 (1.88) 25, ‘32 1.88) 25.31 (1.88) 25.43 (1.92 88.36 (2.46) 88.17 (2.84) 88.35 (2.42) 88.16 (2.51)
o o o e [2391(239) 23.96(237) ¢ 24.04 (2.21 86.61 (2.76) 88.27 (3.06) 86.59 (2.75) 84.52 (b 29)
\ o e e o 27.01 (2.07) 26 99 (2.07) 27.11 (2 91.83 (2.69) 91.96 (2.80) 91.85 (2.69)
o e o e |2617(237) 26.12 (2.36) 26.02 (2.31) 26.32 (2.18 9135 (206 9132 (2.68) 92.03 (2.76) 91.30 (2.69)
‘ o o e e 26.68 (1.97) 26.71 (1.97) 26.73 (1.97)  26.84 (2.00 91.05 (2.59) 91.08 (2.54) 91.66 (2.70) 91.10 (2.6
o e e e |27.47(211) 27.47 (208) 27.84 (2.24) 27.47 (2.07) 27.65 (2.05) | 92.72 (2.67) 92.73 (2.64) 92.95 (2.71) 92.73 (2.65)
Ty ‘ e o o o 22.15 (2.36) 22.16 (2.36) 23.56 (2.70) 22.15 (2.41) 22.11 (2.27) (3.39)  86.09 (3.4 88.47 (3.89) 86.08 (3.44)
o o e o [21.45(1.83) 21.58(1.80) 23.09 (1.89) 21.50 (1.87) 21.49 (1.82) : (2.53) 83.83 (2.59) 85.46 (2.83) 83.76 (2.65)
‘ o o o e 23.02 (2.07) 22.96 (2.14) 23.71 (2.23) 23.00 (2.07) 23.06 (1.9 52)  85.94 (2.88) 88.15 (3.02) 86.02 (2.77)
e o e o |2365(210) 23.68(203) 25.27 (2.30) 23.72 (2.03) 23.70 (2.06) | 88.40 (3.25) 88.46 (3.25) 90.27 (3.38) 88.43 (3.27)
| o o o e |2534(200) 25.36 (208 26.22 (242) 2536 (207) 2556 (221) | 90.78 (327) 90.80 (3.27) 91.87 (3.41) 90.52
o o e e 24.62 (1.77) 24.72 (1.66) 25.52 (1.98) 24.60 (1.78) 24.92 (1.71) | 89.21 (2.80) 89.26 (2.75) 90.89 (2.97) 89.21 (2 79)
| o o e o |2568(103) 25.67(1s7) 26,06 (215 25.68 (1.00) 26.11 (1.s7) | 91.80 (3.11) 91.80 (3.09) 92.60 (3.16) 9178 (3.12)
(e e o o o |2368(298) 23.70 (295 24.15(3.28) 23.70 (2.95) 23.74 (2.51) | 86.90 (3. 1%) 86.95 (3.19) 87.28 (3.70) 86.97 (3.19) 86.77 (3.18)
| o o o o [2210(30) 22140221 2287 (208 2209 (221) 22.03 (1.69) | 84.89 (2 8195 (2.06)  86.60 (2.96) 84.88 (2.63) S81.18 (3.30)
o o o e 22.29 (2.42) 22.32 (240) 22.72 (2.54) 22.30 (2.39) 22.39 (1.91) | 84.22 (2 84) 84.23 (2.8 85.00 (3.18) 84.21 (2.87) 83.11 (2.97)
‘ e e o o 21.62 (2.87)  24.60 (2.85) 24.95 (3.10) 24.60 (2.83) 24.50 (2.83) | 88.98 (3.13) 88.97 (3.12) 89.38 (3.34) 88.97 (3.11) 88.93 (3.05)
e o o e 2418 (281) 24.21 24.62 (3.14) 24.18 (2.80) 24.15 (2.79) | 88.48 (2.99) 88.54 (2.97) 89.17 (3.26) 88.49 (2.98) 88 46 (2.98)
‘ o e o e 23.42 (2.48) 23.44 (2.53) 23.91 (2.61) 23.44 (2.52) 23.51 (2.41) | 87.57 (2.74) 87.60 (2.78) 88.04 (2.89) 87.60 (2.78) 70 (2.70)
e o O o 24.77 (2.82) 24.83 (2.83) 25.00 (3.12) 24.76 (2.82) 24.89 (2.74) | 89.85 (2.97) 89.83 (2.97) 90.15 (3.08) 89.83 (2.97) 89 83 (2.98)
Tay | & o o o |2029 (205 20.32 (200 20145 (222) 2024 (2.02) 20.25 (2.02) | 83.77 (3.13) 83.75 (3.10) 84.70 (3.42) S3.78 (3.15) 83.69 (3.06)
o e o o 21.54 (2.05) 21.57 (2.11) 2298 (2.32) 21.48 (2.09) 21.15 (2.14) | 83.53 (2.87) 83.60 (2.9 85.55 (3.13) 83.48 (2.86) 82.86 (2.69)
| o o e o [21.24(1o7) 20126 (1s9) 2227 (1.95) 21.23 (1.93) 21.12 (1.87) | 83.77 (2.82) 83.87 (2.87) 84.02 (297) 83.81 (2.86) 83.88 (2.59)
e o 0o o 23.85 (2.68) 23.86 (2.58) 24.51 (2.33) 23.85 (2.63) 23.82 (2.67) | 88.01 (3.18) 87.98 (3.16) 88.46 (3.24) 87.95 (3.19) 88.05 (3.15)
| o o e o [2206(100) 2212 (150 23.18 (205 22.05 (1.94) 22.07 (1.90) | 86.09 (3.06) S6.11 (3.07) 86.79 (3.23) 86.09 (3.12) 86.12 (3.12)
o e e o 23.92 (2.14) 23.88 (2.28) 24.29 (2.71) 23.95 (2.18) 23.93 (2.24) | 87.75 (3.07) 87.75 (3.04) 88.09 (3.17) 87.78 (3.06) 87.81 (3.05)
| o o o o [2427(245) 24.22(236) 24.72 (270) 2434 (237) 2150 (2.40) | 88.88 (3.13) S88.87 (3.07) 89.11 (3.15) 88.87 (3.09) 5895 (3.05)

both the baselines and the proposed method achieved higher performance when
two source modalities were provided compared to a single-source scenario. In
single-source tasks, the most effective source modalities were identified as T2
for T1 synthesis, PD for T2 synthesis, and T2 for PD synthesis. These results
suggest that the synergy of multiple observed modalities significantly enhances
the fidelity of the generated sequences, even in healthy brain structures. Our
model also showed the highest performance in missing modality generation on
IXI, proving the robustness of our method.

5.3 Results with Posterior Sampling methods

We evaluated various posterior sampling methods on the BraTS dataset, with
the quantitative results presented in Table 3. Depending on the selected pos-
terior sampling methods, Eq. 6 in Algorithm 1 is adapted accordingly (details
in the supplement). Across most tasks, PSLD consistently achieved the highest
performance. DPS, FlowChef, and FlowDPS employ gradient-based soft con-
straints; among these, FlowDPS yielded the best results, ranking second over-
all behind PSLD. DDNM, which utilizes a projection-based hard constraint to
enforce measurement consistency, was next to FlowDPS in performance. PSLD
demonstrated the highest image fidelity across most tasks by leveraging a hybrid
approach that integrates both gradient-based and projection-based constraints.
Specifically, PSLD achieved the best performance by computing the gradient and
projection distance between the estimation and the measurement. This mecha-
nism ensures that the synthesized images strictly adhere to the observed source
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One-to-One Two-to-One Three-to-One Target DPS DDNM
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Fig. 5: Illustration of synthesis results on BraTS using various posterior sampling
methods. Left: Quantitative performance plot relative to the number of source modal-
ities. The red line shows the mean performance of PSLD, which achieved the best per-
formance. Right: Qualitative comparison of T1 — T2 synthesis results with Ngx = 1.
The yellow arrow indicates edema, while the green arrow indicates the cortex region.

MM-GAN ResViT CCR MMHVAE Ours Ground Truth

I Whole Tumor Enhancing Tumor  [ll Tumor Core

Fig. 6: Illustration of tumor segmentation results with synthesized Tlce (T1, T2,
FLAIR — Tlce). The blue bounding boxes shows the tumor region.The red bound-
ing boxes shows segmentation predictionm and the yellow bounding boxes shows the
ground truth.

modalities while effectively preserving the generative prior to seamlessly recon-
struct the missing modalities.

We also analyzed the performance of each method relative to the number of
available source modalities, as illustrated in Fig. 5-left. PSLD consistently out-
performed the other methods across one, two, three-source scenarios. The SSIM
gap between PSLD and the baselines was most apparent when fewer source
modalities were available, but it gradually diminished as the number of sources
increased. The PSLD outperformed other methods in PSNR, though the dif-
ferences were slight. Since PSNR is more affected by noise and contrast than
structural metrics like SSIM, most models produced comparable results. This
trend suggests that the synthesis process relies heavily on posterior sampling
guidance when source information is scarce, whereas it depends more on vector
field replacement (Eq. 5) when ample source modalities are provided. Fig. 5-
right presents the qualitative results of 77 — T5 synthesis for each method. The
gradient-based methods (DPS, FlowChef, and FlowDPS) struggled to generate
the tumor edema region and failed to accurately depict the cortex. Although
DDNM successfully reconstructed the cortex, it exhibited weak contrast in the
edema region. Conversely, PSLD reconstructed both regions with the highest
fidelity to the ground truth. Based on these findings, we adopted PSLD as the
default posterior sampling method for our framework.
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Table 5: Ablation study on training strategies and sampling methods. MTM and MTO
denote many-to-many and many-to-one sampling, respectively.

Task | T, = Te | Ty, Ta — Tas
Training MTM MTO| PSNR{ SSIM{ LPIPS| FID|| PSNR{ SSIM{ LPIPS| FID|

22.28 (2.49) 85.95 (3.66) 0.118 (0.028) 83.87 | 23.76 (2.50) 87.66 (3.18) 0.129 (0.024) 107.09
22.19 (2.63) 82.49 (5.81) 0.225 (0.027) 81.64 | 23.71 (2.34) 85.25 (5.11) 0.141 (0.023) 110.10

22.26 (2.15) 83.69 (3.07) 0.123 (0.022) 65.75 | 23.86 (2.29) 87.95 (3.02) 0.122 (0.024) 95.67
v | 23.56 (2.70) 88.47 (3.89) 0.101 (0.020) 54.15 | 24.51 (2.33) 88.46 (3.24) 0.109 (0.026) 87.96

Full-modal only

v

All scenarios

>
c
5
3
]
>
c
S
=

Many-to-one

Fig. 7: Visual comparison between many-to-many and many-to-one sampling given an
observed T'1. The blue and red bounding boxes highlight different anatomical regions,
while the yellow and green arrows indicate distinct cortex areas.

5.4 Impact on Tumor Segmentation

Preserving localized details is Table 4: Tumor segmentation performance with

critical for brain tumor imaging. v hesized T1ce (T1, T2, FLAIR — Tlce).
We therefore evaluated down-

stream tumor segmentation by Methods
feeding the synthesized T1ce im-

| Dice (%) 1T
‘ wT ET TC Avg.

MMGAN [43] | 90.75 (4.99) 77.04 (15.14) 62.30 (21.55) 76.69 (10.98)

ages ('I‘]_7 T2, and FLAIR — ResViT [11] 91.39 (5.78) 76.25 (16.18) 52.01 (24.26) 73.21 (12.65)
. . CCR [46] 85.75 (9.22) 53.44 (23.03) 38.11 (19.18) 59.10 (16.92)

T1lce) into a pre-trained nnUNet  NuMHVAE [14] | 8425 ©.10) 50.81 @151 36.99 (1522 57.35 (16.0)
Ours 91.53 (6.17)  79.97 (11.32) 63.79 (18.19) 78.43 (9.30)

[23]. The quantitative results are
summarized in Table 4. Our
method achieved the highest Dice scores for whole tumor (WT), enhancing tu-
mor (ET), and tumor core (TC). Consistent with the baselines, ET and TC
proved relatively more challenging to predict. Qualitative results are visualized
in Fig 6. Models such as MM-GAN, CCR, and MMHVAE failed to capture the
ET and TC regions, producing overly dark tumor contrasts. ResViT generated
distorted tumor shapes. In contrast, our model reconstructed tumor details more
accurately, yielding segmentation predictions closest to the ground truth. More-
over, as shown in supplementary Fig. B, reducing Ngx to 1 only slightly degrades
downstream performance, indicating that the performance improvement is not
solely due to expectation approximation sampling.

Ground Truth ‘ 93.78 (4.20) 94.44 (5.31) 86.38 (17.98) 91.53 (7.29)

5.5 Ablation Study

We conducted an ablation study on our training and sampling strategies, with
quantitative results summarized in Table 5. For training, we compared a full-
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modal only (training on four modalities simultaneously from noise) against an
all-scenarios (training on all combinations of two, three, or four modalities). For
sampling, we evaluated many-to-many (MTM) sampling, which generates all
missing modalities at once from the observed ones, versus many-to-one (MTO)
sampling, which generates a single target modality. When trained on the full-
modal only setup, the performance difference between MTM and MTO was
marginal. This is likely because MTO requires masking other targets during
sampling—a condition the model never encountered during full-modal training.
However, when trained on All scenarios, MTO outperformed MTM in both image
fidelity and quality. Visual comparisons between MTM and MTO are provided
in Fig. 7. When synthesizing T2, Tlce, and FLAIR from a single T1 image,
MTM failed to capture fine cortical details, whereas MTO preserved these subtle
signals. These findings suggest that the iterative generation process in MTM is
vulnerable to cross-modality interference, causing signal fading or hallucinations.
The supplementary Fig. A shows this error propagation across sampling process.

5.6 Perception-Distortion Trade-off

Averaging multiple samples via expectation ap-
proximation sampling reduces noise and enhances
the main signal. However, because the ground s/
truth inherently contains textured noise, increas-
ing Ngx improves image fidelity (lower distortion)
at the cost of perceptual image quality. We ob-
served the perception-distortion trade-off [5] dur-
ing T1 — T2 synthesis (Fig. 8). At both NFE=10
and NFE=40, the highest perceptual quality is
achieved at Ngx = 1. As Ngx increases, image fi- 82 85 86 87 88 89
delity increases while perceptual quality degrades. Fidellty (% 5. 1)
Furthermore, both quality and fidelity were no- Fig. 8: The  perception-
tably hlgher at NFE=40 compared to NFE=10. distortion trade-off curve.
This overall improvement is attributed to the

measurement-guided vector field replacement (Eq. 5). Based on these findings,
we empirically set NFE to 40 for optimal efficiency. Additional qualitative results
across various NFE settings are provided in the supplementary material.

48

524

Perception (FID, {)

56

6 Conclusion

In this study, we demonstrate that complex architectures are unnecessary to
build a generator capable of handling all missing modality scenarios. By simply
training a flow-based model that iteratively samples data from noise, we showed
that any missing modality can be effectively generated via posterior sampling.
Furthermore, our approach achieved superior image fidelity compared to existing
baselines. It also yielded the highest performance in downstream tumor segmen-
tation, proving its capability to accurately synthesize not only global anatomical
structures but also critical tumor regions with high fidelity to the ground truth.
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