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Abstract. Zero-shot MRI reconstruction relies on generative priors, but
single-modality unconditional priors produce hallucinations under severe
ill-posedness. In many clinical workflows, complementary MRI acqui-
sitions (e.g. high-quality structural scans) are routinely available, yet
existing reconstruction methods lack mechanisms to leverage this ad-
ditional information. We propose MPFlow, a zero-shot multi-modal re-
construction framework built on rectified flow that incorporates auxil-
iary MRI modalities at inference time without retraining the genera-
tive prior to improve anatomical fidelity. Cross-modal guidance is en-
abled by our proposed self-supervised pretraining strategy, Patch-level
Multi-modal MR Image Pretraining (PAMRI), which learns shared rep-
resentations across modalities. Sampling is jointly guided by data con-
sistency and cross-modal feature alignment using pre-trained PAMRI,
systematically suppressing intrinsic and extrinsic hallucinations. Exten-
sive experiments on HCP and BraTS show that MPFlow matches diffu-
sion baselines on image quality using only 20% of sampling steps while
reducing tumor hallucinations by more than 15% (segmentation dice
score). This demonstrates that cross-modal guidance enables more re-
liable and efficient zero-shot MRI reconstruction. Code is available at
https://github.com/edshkim98/MPFlow.

Keywords: MRI reconstruction · Generative models · Multi-modal

1 Introduction

Magnetic resonance imaging (MRI) reconstruction from low-quality measure-
ments is an important inverse problem in medical imaging. MRI data are often
sub-sampled or acquired with thick slices to reduce acquisition time or improve
signal-to-noise ratio, resulting in substantial information loss.

Recent deep learning methods have achieved strong performance in MRI re-
construction [1,8,10,17,19,28,26,31], with diffusion models emerging as powerful
generative priors for inverse problems in medical imaging. These diffusion-based
approaches have been extended to zero-shot reconstruction [6,12,29,15,20], where
a learned prior is guided by data consistency during sampling, eliminating the
need for paired supervision. More recently, flow matching has been explored to
⋆ Correspondence to: seunghoi.kim.17@ucl.ac.uk
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Fig. 1: Schematic diagram of the proposed framework. (a) PAMRI : cross-
modal feature alignment by learning a shared representation space across dif-
ferent MRI contrasts, (b) MPFlow : flow-matching prior is guided by both data
consistency and PAMRI, to reduce intrinsic and extrinsic hallucinations.

improve sampling efficiency within the natural image domain [23,13]. However,
these methods rely on unconditional priors, which may produce anatomically
plausible yet incorrect reconstructions under severe ill-posedness.

This limitation manifests as hallucinations, which can be categorized as in-
trinsic, violating measurement consistency, or extrinsic, remaining measurement-
consistent but unsupported by the ground truth (e.g. within the measurement
null space) [2,15]. Importantly, extrinsic hallucinations may persist even when
data-consistency errors are small. Single-modality priors lack a mechanism to re-
solve ambiguity among multiple plausible null-space solutions without updating
its prior or providing additional information. In clinical practice, multi-sequence
protocols, such as multi-parametric imaging (diffusion, perfusion MRI) or multi-
contrast structural scans, are routinely acquired and provide complementary
anatomical information. Although conditional approaches have explored multi-
modal MRI reconstruction [5,11,18,7], they do not offer a principled mechanism
to incorporate auxiliary modalities when the generative prior is unconditional.

To address this limitation, we introduce MPFlow, a zero-shot multi-modal
MRI reconstruction framework based on flow matching that incorporates aux-
iliary MRI acquisitions at inference time without updating its unconditional
prior. As illustrated in Fig. 1, we first train PAMRI, a self-supervised frame-
work that learns patch-level cross-modal correspondences between target (e.g.
T2) and auxiliary (e.g. T1) modalities via a patch-wise adaptive InfoNCE loss.
The temperature is dynamically chosen by normalized mutual information of
paired patches to relax the contrastive penalty for augmentation-distorted pos-
itive pairs, preserving modality-specific structural details. At inference, the rec-
tified flow prior is jointly guided by data consistency and PAMRI, reducing
intrinsic and extrinsic hallucinations. To the best of our knowledge, this is the
first zero-shot MRI reconstruction framework incorporating auxiliary imaging
modalities at inference time.

Our contributions are threefold: (1) We formulate multi-modal zero-shot MRI
reconstruction, where an unconditional prior leverages auxiliary modalities at in-
ference without modifying the prior, and show theoretically and empirically that
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such conditioning reduces hallucinations. (2) We propose MPFlow, a zero-shot
multi-modal flow-matching framework, integrating PAMRI, our self-supervised
patch-level cross-modal alignment strategy, into a posterior update with noise
optimization to mitigate poor trajectory initialization. (3) We demonstrate that
MPFlow matches diffusion baselines in image quality with only 20% of the sam-
pling steps, while reducing hallucinations by 15% in tumor segmentation (Dice
score) and 26% in hallucination score (SHAFE) on BraTS and HCP.

2 Method

2.1 Problem Formulation

Let X ∈ RN for spatial domain tasks (e.g. super-resolution) and X ∈ CN for k-
space tasks (e.g. subsampling), and let xtrue ∈ X denote the target high-quality
MRI scan. We consider the general degradation model:

y = F(xtrue) + η, (1)

where y ∈ Y are the acquired measurements, η ∼ N (0, σ2I) is additive Gaussian
measurement noise, and F : X → Y is the forward operator (e.g. k-space sub-
sampling, spatial downsampling, or blurring). Generative priors such as diffusion
or flow models regularize reconstruction via posterior inference, x̂ ∼ p(x | y),
combining data consistency with a learned prior. However, when F is highly
ill-posed, the posterior may assign probability mass to anatomically plausible
but incorrect solutions, leading to hallucinations. While data consistency re-
duces intrinsic hallucinations, extrinsic hallucinations can still persist without
prior-update or injecting additional information.

2.2 Hypothesis and Justification

We hypothesize that when registered modalities encode the same anatomy with
complementary information, joint conditioning on measurements and an auxil-
iary modality reduces both intrinsic and extrinsic hallucinations.
Justification Let x denote the target-modality image, and xaux a high-quality
auxiliary modality. In a unimodal setting, the posterior p(x | y) ∝ p(y | x) p(x) is
typically broad due to the weakly informative likelihood (under highly ill-posed
setting), leading to extrinsic hallucinations.

From an information-theoretic perspective, the remaining uncertainty is quan-
tified by the conditional entropy H(x | y). When additionally conditioning on
an auxiliary modality, the posterior becomes p(x | y, xaux) ∝ p(y | x) p(x | xaux),
and the uncertainty satisfies:

H(x | y, xaux) = H(x | y)− I(x;xaux | y), (2)

where I(x;xaux | y) denotes the conditional mutual information provided by the
auxiliary modality beyond the measurement. Since registered MR modalities
share overlapping but non-identical anatomical information, I(x;xaux | y) >
0, implying H(x | y, xaux) < H(x | y). Thus, data consistency and auxiliary
conditioning can suppress intrinsic and extrinsic hallucinations, respectively.
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2.3 Rectified Flow

We use rectified flow [21] from flow-matching as the generative prior. Rectified
flow defines a continuous-time probability flow from a simple base distribution
(e.g. Gaussian noise) to the data distribution via the ODE:

dxt
dt

= vθ(xt, t), t ∈ [0, 1], (3)

where vθ is a learned velocity field. We adopt a straight-line interpolation be-
tween noise z ∼ N (0, I) at t = 0 and data x1 at t = 1:

xt = (1− t)z + tx1, v(xt, t) =
dxt
dt

= x1 − z. (4)

The rectified flow objective minimizes

LFM = Et,z,x1

[
∥vθ(xt, t)− (x1 − z)∥22

]
. (5)

Through this objective, rectified flow learns to approximate linear transport from
noise to data. The near-linear and deterministic trajectories enable high-quality
image generation with substantially fewer sampling steps than diffusion models.

2.4 Patch-level Multi-modal MR Image Pretraining (PAMRI)

We establish PAMRI, a contrastive feature alignment framework for multi-modal
MR images. PAMRI uses independent encoders, ϕ(·) for the target and ψ(·)
for the auxiliary modality, to map them into a shared latent space. This in-
dependence disentangles modality-specific appearance from shared anatomical
semantics. We adopt a lightweight yet effective ResNet18 [9] architecture for
both encoders to minimize computational overhead at inference.

MRI reconstruction is a dense task requiring fine-grained structural infor-
mation, but conventional contrastive learning discards spatial detail. To pre-
serve it, we operate on patches (e.g. 32 × 32 pixels) and introduce an auxil-
iary reconstruction task. Given a batch of B paired patches {(ptari , pauxi )}Bi=1,
we compute normalized latent embeddings ui = ϕ(ptari )/∥ϕ(ptari )∥2 and wi =
ψ(pauxi )/∥ψ(pauxi )∥2. This alignment is driven by our proposed adaptive con-
trastive objective. Building upon InfoNCE loss [4], our loss evaluates both inter-
and intra-modal negatives: LNCE = 1

2B

∑B
i=1 (ℓ(ui, wi) + ℓ(wi, ui)). The loss for

a specific positive pair (ei, ej), where ei ∈ {ui, wi}, is defined as:

ℓ(ei, ej) = − log
exp(e⊤i ej/τi,j)∑B

k=1 exp(e
⊤
i uk/τi,k) +

∑B
k=1 exp(e

⊤
i wk/τi,k)− exp(e⊤i ei/τi,i)

.

(6)
Here, τi,j is an adaptive temperature scaled by the Normalized Mutual Infor-
mation (NMI) between their corresponding raw patches: τi,j = τmin + (τmax −
τmin)(1 − NMI(pi, pj)). This dynamically adjusts the contrastive penalty based
on the inherent multi-modal information overlap. Specifically, for positive pairs
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substantially distorted by augmentations, the temperature increases, relaxing
the pull to preserve modality-specific structural details crucial for downstream
dense reconstruction.

Lightweight decoders dtar, daux are attached to regularize the representations
via patch reconstruction:

Lrec =
1

B

B∑
i=1

(
∥dtar(ϕ(ptari ))− ptari ∥1 + ∥daux(ψ(pauxi ))− pauxi ∥1

)
. (7)

The final objective becomes LSSL = LNCE+λrecLrec. Rather than using mu-
tual information as a direct pixel-level alignment loss, which struggles with multi-
modal intensity variations (e.g. a tumor is bright in FLAIR but nearly isointense
in T1), PAMRI elegantly uses it to weight the latent contrastive space. By dy-
namically adjusting the temperature for naturally dissimilar patches, PAMRI
learns robust, modality-invariant representations that enable spatially structured
and semantically meaningful posterior guidance.

2.5 Multi-modal Posterior-Guided Flow Matching

We perform posterior inference by guiding rectified flow with data consistency
(DC) and cross-modal alignment using pre-trained PAMRI encoders from Sec. 2.4.
At each timestep t, we project the current state to the clean image manifold via
the estimate x̂1|t = xt − (1 − t) vθ(xt, t) to drive the posterior update. Over T
sampling steps, the update in each time step becomes:

v(xt|y) = vθ(xt, t)︸ ︷︷ ︸
Prior

−αt∇xt

(
∥F(x̂1|t)− y∥22︸ ︷︷ ︸
Intrinsic Reduction

+λPLP(ϕ(P(x̂1|t)), ψ(P(xaux)))︸ ︷︷ ︸
Extrinsic Reduction

)
,

(8)
where vθ(xt, t) and αt denote the prior drift and step size. λP controls the

LP’s strength. LP is MSE between normalized latent features of patches ex-
tracted (excluding background) via P(·) from the current estimate x̂1|t and the
auxiliary xaux. DC reduces measurement space deviation, and LP minimizes de-
viations from the auxiliary image in the latent space, systematically tackling
both intrinsic and extrinsic hallucinations.

Initial noise optimization The initial noise z can influence the reconstruc-
tion quality of flow-matching. To mitigate poor initializations, we sample S
candidate seeds {z(s)}Ss=1 ∼ N (0, I) and perform a short warm-start of tnoise
steps in parallel. Each candidate is evaluated using the composite objective
Φ(x) = ∥F(x)− y∥22 + λPLP(x, xaux), and we select:

s⋆ = arg min
s∈{1,...,S}

Φ
(
x̂
(s)
1|tnoise

)
. (9)

Sampling then continues only with the selected seed. Unlike previous method [30]
that optimize via DC only, Φ(·) jointly uses DC and PAMRI to select the candi-
date with lowest intrinsic and extrinsic hallucinations, yielding better posterior
trajectories with minimal overhead.
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3 Experiments

3.1 Experimental Setup

Datasets We evaluate our method on two widely used datasets: the Human
Connectome Project (HCP) [25] and BraTS [22]. We perform T2 super-resolution
(4×) on HCP, and FLAIR k-space reconstruction (8×) on BraTS, both using
fully sampled T1 as the auxiliary modality. For HCP, we follow prior work [15]
for the testing (N=200) and for BraTS, we use the official validation set (N=250)
to follow the standard protocol. Experiments are conducted on axial slices.
Implementation Details Diffusion and rectified flows are trained on same
dataset for 100k iterations. For MPFlow, we set λP = 0.1, λrec = 0.5, S = 8, and
tnoise = 0.2T . Patch size 32× 32 is used for PAMRI pretraining.
Baselines & Metrics We compare against DIP [27], DPS [6], DiffDeuR [20],
and DynamicDPS [15] (without warm-start). Since no existing zero-shot method
incorporates auxiliary imaging modalities, all baselines are unimodal. Recon-
struction quality is evaluated using PSNR, SSIM, and LPIPS [32]. Hallucina-
tions are assessed via (i) measurement-space error, (ii) tumor segmentation Dice
score, and (iii) SHAFE (Semantic Hallucination Assessment via Feature Evalua-
tion) [16]. For Dice score, a Swin-UNet [3] trained on BraTS FLAIR is applied to
both ground-truth and reconstructed images. SHAFE measures semantic feature
discrepancies via a pre-trained vision encoder (DINO [24]) with exponentially
weighted aggregation to emphasize hallucinated structures.

Table 1: Quantitative comparisons on HCP (SR ×4) and BraTS (Acc.
×8). T denotes total time steps; DDIM used for T = 100. p-values are calculated
against the second-best baseline for each metric.

HCP (SR ×4) BraTS (Acc. ×8)

Method T PSNR (↑) SSIM (↑) LPIPS (↓) PSNR (↑) SSIM (↑) LPIPS (↓)

DIP [27] 3K 24±.7 .66±.03 .30±.03 25±2.4 .57±.10 .19±.01
DiffDeuR [20] .5K 23±1.6 .78±.04 .23±.04 30±1.9 .88±.02 .12±.02

DPS [6] .1K 23±1.4 .69±.16 .20±.08 23±5.8 .65±.27 .23±.12
DPS [6] .5K 24±1.0 .79±.03 .15±.01 25±2.4 .89±.01 .09±.02

DynamicDPS [15] .1K 23±1.8 .69±.18 .21±.09 24±5.6 .68±.16 .22±.12
DynamicDPS [15] .5K 24±.9 .79±.03 .15±.02 31±1.9 .89±.02 .09±.02

MPFlow (Ours) .1K 23±.9 .78±.03 .16±.02 31±1.8 .90±.02 .08±.01
MPFlow (Ours) .5K 25±.9 .82±.03 .14±.02 31±.9 .91±.02 .07±.01

p-value - <.001 <.001 .031 .016 .001 <.001

3.2 Main Results

Tab. 1 presents quantitative comparisons under varying sampling budgets. Across
all tasks and metrics, MPFlow consistently outperforms zero-shot baselines, with
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all improvements statistically significant (p < 0.05). At T = 500, MPFlow out-
performs the second best baseline (DynamicDPS) by 2–4% in SSIM and 6–22%
in LPIPS, despite DynamicDPS requiring multiple inner steps per timestep,
demonstrating MPFlow ’s efficiency. The improvements are more pronounced in
the time-constrained setting (T = 100). Diffusion-based methods suffer large
degradation with SSIM and LPIPS dropping 15–83% and increased variance,
indicating unstable inference due to large discretization errors from DDIM sam-
pling. In contrast, MPFlow exhibits marginal performance reduction (2.5–14%),
demonstrating superior efficiency and robustness as the near-linear trajectories
of rectified flow permit larger step sizes without significant discretization er-
ror. Remarkably, MPFlow matches the reconstruction quality of diffusion-based
baselines at T = 500 using only T = 100 steps.

Fig. 2 presents visual comparisons of MPFlow against baseline methods. As
highlighted in the red boxes, baselines introduce hallucinated structures includ-
ing distorted sulci and incorrect tumor morphology, which can directly compro-
mise clinical decisions such as surgical planning and radiotherapy contouring.
In contrast, MPFlow preserves anatomically faithful structures with notably
sharper tumor boundaries, demonstrating the benefit of cross-modal alignment
via PAMRI. These qualitative results further demonstrate MPFlow ’s ability to
reduce hallucinations and improve structural fidelity in clinically critical regions.

DIP DiffDeuR DPS DynamicDPS MPFlow Ground Truth

Fig. 2: Visual comparisons on HCP (top), BraTS (bottom). Highlighted
red boxes show MPFlow clearly reduces hallucinations compared to the baselines.

3.3 Further Analysis

Global image quality metrics (e.g. PSNR, SSIM) often fail to capture hallu-
cinations, as they prioritize global fidelity while overlooking sparse, localized
failures [14,16]. Instead, we evaluate hallucinations in Tab. 2 using measurement-
space loss, SHAFE, and tumor segmentation Dice score. Across both datasets,
MPFlow substantially outperforms the baselines in all hallucination metrics.
Across both datasets, MPFlow (Full) substantially outperforms all baselines: it
reduces measurement-space loss by over 80% on HCP and 88% on BraTS rela-
tive to DPS, while improving SHAFE by 38% and Dice by 16%, confirming that
jointly guiding the prior with data consistency and PAMRI suppresses both
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Table 2: Quantitative hallucination evaluation on HCP and BraTS
(T=100). We evaluate hallucination across baselines using measurement-space
loss, SHAFE (HCP) and dice score on tumor segmentation (BraTS).

(a) Hallucination Analysis (HCP)

Method Meas. L ↓ SHAFE ↓

DPS 3.84×10−3 0.278
DynamicDPS 3.44×10−3 0.274

MPFlow (Base) 6.84×10−3 0.233
MPFlow (PAMRI) 1.43×10−3 0.171
MPFlow (Noise) 1.25×10−3 0.204
MPFlow (Full) 1.30×10−3 0.170

(b) Tumor Segmentation (BraTS)

Method Meas. L ↓ Dice ↑

DPS 4.20×10−2 0.618
DynamicDPS 4.51×10−2 0.639

MPFlow (Base) 4.36×10−3 0.704
MPFlow (PAMRI) 2.45×10−3 0.741
MPFlow (Noise) 4.90×10−4 0.735
MPFlow (Full) 4.89×10−4 0.743

intrinsic and extrinsic hallucinations. To isolate the contribution of each compo-
nent, we ablate PAMRI and noise optimization separately. Adding PAMRI to
the vanilla baseline (Base → PAMRI) yields a 27% SHAFE reduction on HCP
and 5% Dice improvement on BraTS, with comparatively smaller measurement-
loss change, demonstrating that cross-modal guidance primarily suppresses ex-
trinsic hallucinations by anchoring null-space content to the auxiliary anatomy.
Conversely, noise optimization alone (Base → Noise) reduces measurement-space
loss by 82% on HCP and 89% on BraTS with smaller SHAFE/Dice gains, indi-
cating that better seed selection primarily suppresses intrinsic hallucinations by
initializing trajectories that converge to measurement-consistent solutions. This
confirms that the two modules address complementary failure modes.

Fig. 3a compares PAMRI against simpler auxiliary guidance losses; normal-
ized mutual information (NMI), Canny edge, and pixel-MSE. PAMRI outper-
forms these baselines on both image quality and hallucination score. Notably,
Canny edge and pixel-MSE hallucinate more than the DC-only baseline, indicat-
ing that naive heuristic guidance can adversely affect reconstruction quality. To
assess PAMRI ’s role in reducing extrinsic hallucinations, we hypothesize that
its benefit should scale with task severity, since greater ill-posedness enlarges
the null-space ambiguity. Fig. 3b confirms this: ∆SSIM grows from 3.81% at 4×
SR to 6.02% at 8× SR, showing that cross-modal guidance becomes increasingly
important as data consistency alone cannot resolve the null-space ambiguity.

4 Conclusion

We propose MPFlow, a multi-modal posterior-guided flow-matching framework
for zero-shot MRI reconstruction. The auxiliary imaging modality is leveraged at
inference time via PAMRI, our self-supervised contrastive pretraining strategy
that learns shared cross-modal representations. At inference, the unconditional
prior is guided by data consistency and PAMRI, suppressing both intrinsic and
extrinsic hallucinations without updating the prior. Experiments on HCP and
BraTS across super-resolution and k-space subsampling tasks show improve-
ments in reconstruction fidelity and hallucination reduction. Future work ex-
plores extending the framework to non-imaging modalities and adaptive guid-
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Fig. 3: Further analysis of MPFlow on HCP (T=100). (a) PAMRI vs.
intensity-based auxiliary losses on image quality (SSIM ↑) and hallucination
(SHAFE ↓). (b) Effect of PAMRI under increasing super-resolution difficulty.
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ance schemes. In overall, our results show that auxiliary modalities can reshape
posterior geometry at inference time under unconditional generative priors, en-
abling robust multi-modal inverse reconstruction without paired supervision.
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