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Abstract. Synthesizing PET from MRI offers a radiation-free route to
functional biomarkers but remains fundamentally ill-posed due to the
weak coupling between anatomy and metabolism. Existing medical gen-
erative models trained on limited molecular imaging data often overfit
or generate artifacts, while natural-image foundation models cannot be
directly transferred because their priors and semantics are misaligned
with radiological domains. We introduce PETFlux, a task-aligned adap-
tation framework that repurposes a pretrained natural-image backbone
for the specific demands of MRI-to-PET synthesis. The framework ad-
dresses the key barriers of domain mismatch, structural-functional am-
biguity, and spatial over-smoothing through three synergistic strategies:
(i) Low-Rank Adaptation (LoRA) via rectified flow matching to realign
natural priors with PET distributions; (ii) LLM-augmented prefix tuning
grounded in an evidence-based clinical knowledge base to inject patient-
specific metabolic semantics; and (iii) a log-scale focal frequency loss to
preserve clinically critical functional detail. Experiments on the ADNI
dataset demonstrate that PETFlux achieves state-of-the-art synthesis
fidelity and yields substantial gains in downstream diagnostic classifica-
tion, highlighting a principled pathway for repurposing natural founda-
tion models in molecular imaging by effectively integrating anatomical
constraints and patient metadata.

Keywords: Generative Foundation Model - MRI-to-PET Synthesis -
Rectified Flow
1 Introduction

Positron Emission Tomography (PET) is pivotal for diagnosing and staging of
neurodegenerative disorders such as Alzheimer’s disease (AD) by quantifying glu-
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cose metabolism or amyloid deposition before structural atrophy [i2]. However,
its high cost, radioactive exposure, and logistical constraints limit its accessibility
in routine practice. Conversely, structural MRI is widely available, non-invasive,
and routinely collected. Thus, MRI-to-PET synthesis holds substantial clinical
value, offering a scalable, radiation-free pathway to functional biomarkers [25].

Despite its promise, MRI-to-PET synthesis is an exceptionally challenging
problem. Beyond the severe scarcity of paired medical data, the mapping from
structural anatomy to functional metabolism is inherently ill-posed: identical
anatomical structures can exhibit markedly different metabolic patterns depend-
ing on disease stage, cognitive status, or tracer type. Traditional generative mod-
els (e.g., GANs [R], standard diffusion models [I6]) trained on small datasets lack
the inductive biases required to resolve this structural-functional ambiguity. Con-
sequently, they often produce over-smoothed averages or artificial textures that
are visually plausible but clinically misleading [29].

The rapid progress of large-scale foundation models offers a promising oppor-
tunity to overcome these limitations. Trained on billions of natural images, mod-
ern generation architectures such as Stable Diffusion [26] and Flux [5] encode rich
generative priors over textures, spatial relationships, and global structures. Con-
currently, Large Language Models (LLMs) have increasingly integrated domain-
specific medical knowledge, offering sophisticated semantic guidance [28]. These
priors exhibit strong generalization and capture expressive patterns that are dif-
ficult to learn from limited medical datasets, making such models a promising
starting point for MRI-to-PET translation [I9].

However, adapting natural foundation models to MRI-to-PET synthesis faces
several fundamental obstacles. The first is the substantial domain gap: priors
learned from natural photographs must be realigned to match the distribution of
PET while preserving the expressive capacity. A second obstacle arises from the
intrinsic ambiguity of the task: since MRI does not uniquely determine metabolic
activity, the model requires patient-specific clinical metadata to guide the syn-
thesis of plausible functional patterns. A third challenge concerns the emergence
of artificial textures, as foundation models without appropriate constraints are
prone to generating invalid details that compromise diagnostic reliability.

To systematically address these challenges, we introduce PETFlux, a task-
aligned adaptation framework. To bridge the domain gap, we adapt the pre-
trained Flux.1 Kontext [@] backbone using Low-Rank Adaptation (LoRA) within
a rectified flow matching paradigm. To resolve structural-functional ambiguity,
we incorporate patient-specific metadata and LLM-derived metabolic descrip-
tions through a hybrid semantic conditioning mechanism. Crucially, to ensure
these descriptions are physiologically rigorous rather than speculative, we guide
the LLM using a curated medical knowledge base derived from established clin-
ical guidelines (e.g., mapping cognitive scores to expected regional metabolism).
To penalize these artificial textures, we introduce a log-scale focal frequency
loss that explicitly emphasizes clinically relevant high-frequency components in
the spectral domain. Together, these components form a coherent paradigm for
taming natural foundation models for reliable medical image synthesis. Exten-
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Fig. 1. Overview of the PETFlux framework for MRI-to-PET synthesis. (a) Clinical
metadata is projected via MetaNet into soft tokens and concatenated with LLM embed-
dings (Prra) for hybrid semantic conditioning. (b) The pretrained foundation model
is adapted using LoRA via rectified flow matching. (¢) The training process is further
guided by a Log-Scale Focal Frequency Loss to restore fine metabolic details.

sive experiments validate our framework — adapting the pretrained Flux alone
outperforms most baselines, while integrating our LLM-guided conditioning and
spectral supervision further maximizes synthesis fidelity and diagnostic reliabil-
ity.

In summary, our main contributions are: (1) PETFlux, a novel paradigm that
adapts billion-parameter priors for ill-posed MRI-to-PET synthesis via Recti-
fied Flow matching; (2) a hybrid conditioning mechanism resolving structural-
functional ambiguity by injecting patient-specific metabolic priors from clinical
guidelines and LLMs; and (3) a log-scale focal frequency loss that explicitly pre-
serves clinically valid metabolic signatures while penalizing artificial textures.

2 Method

2.1 Problem Formulation

Let X,V ¢ REXW denote the domains of structural MRI slices and their corre-
sponding PET images, respectively. For each subject, we denote the input MRI
slice as x € X and the target PET slice as y € ). To capture subject-specific
metabolic and clinical context, we associate each sample with a clinical meta-
data vector Tyetq (e.8., age, sex, CDR-SB, MMSE). Our objective is to learn a
conditional generative model Gy that synthesizes a PET estimate g consistent
with both the anatomical structure in x and the hybrid semantic patient context
derived from T}, and its corresponding clinical narrative: § = Go(x, Tineta)-
The overall pipeline of the proposed framework is illustrated in Fig. M. We
detail the specific implementations of each component in the subsequent sections.
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2.2 LLM-Guided Clinical Conditioning

MRI-to-PET synthesis is fundamentally ill-posed because anatomical structure
alone does not uniquely determine metabolic function. To constrain the solu-
tion space toward physiologically plausible metabolic patterns without causing
data leakage via diagnostic labels (e.g., NC, MCI, AD), we introduce a hybrid
semantic conditioning mechanism. First, we construct a curated medical knowl-
edge base D that maps clinical indicators (e.g., MMSE, CDR-SB) to expected
regional metabolic alterations. Using D, the tracer type ¢, and non-categorical
metadata Tretq (e.g., age, sex), we query an LLM (Qwen 2.5) with a decod-
ing temperature of zero to generate a deterministic clinical narrative. Crucially,
the LLM acts as a semantic bridge, translating abstract clinical metadata into
visual-descriptive prompts (e.g., specifying contrast, intensity, and spatial pat-
terns) that the natural foundation model can inherently interpret. This narrative
is then encoded by frozen text encoders into a fixed semantic embedding Pp ;.

While Prp provides robust qualitative priors, natural language lacks the
continuous, quantitative precision of raw numerical metadata. To preserve this
fine-grained precision, we complement the textual embeddings with learnable
soft tokens, L-Prefix. A lightweight MetaNet projector ¥(-), implemented as a
simple MLP, maps the normalized T},¢t, into N = 8 continuous tokens:

L-Prefix = ¥(T)eq) € RVX,

We construct the final semantic condition by concatenating these representa-
tions: [ L-Prefix ; Prras]. The MetaNet’s final projection layer is near-zero ini-
tialized, allowing the tokens to initially act as neutral padding. As the MetaNet
is jointly optimized with the LoRA modules during training, these prefix to-
kens progressively learn to encode subtle, quantitative clinical variations. This
hybrid conditioning explicitly prepares the tailored semantic inputs (Prras and
L-Prefix) required to guide the subsequent rectified flow matching process.

2.3 LoRA-Adapted Rectified Flow Matching

To bridge the natural-to-medical domain gap while preserving Flux’s structural
priors, we formulate MRI-to-PET translation via Rectified Flow (RF) matching.
Unlike standard diffusion, RF learns a deterministic, straight-line trajectory from
noise to the target data distribution via ordinary differential equations.

A frozen image encoder first projects the input T1-weighted MRI and ground-
truth PET image into latents z7; and z4. Semantic conditioning is provided by
the LLM text embeddings Pr s and MetaNet-generated soft tokens (L-Prefix).
During training, we sample noise 29 ~ A(0,I) and compute the intermediate
latent z; at a uniformly sampled time step ¢t ~ Uniform(0, 1):

ze = (1 —1t)zgt + tzo

The target velocity driving this straight-line flow is naturally defined as v =
20 — Zgt-
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To prevent catastrophic forgetting of pre-trained priors, we freeze the Flux
Diffusion Transformer (DiT) backbone and achieve structural-functional align-
ment by injecting trainable Low-Rank Adaptation (LoRA) matrices into the
Transformer blocks. The adapted network predicts the velocity field vg condi-
tioned on the noisy latent, time step, and the hybrid anatomical-semantic inputs:

Vg = DiTada(Zt, 271, PLLM7 L—Preﬁx7 t)

The flow matching objective minimizes the mean squared error between the
predicted and target velocities:

£flow =E [va - (ZO - th)Hg]

This parameter-efficient formulation smoothly warps the pre-trained natural gen-
erative manifold to the radiological PET distribution with minimal computa-
tional overhead. In practice, we apply LoRA with a rank of » = 128 within the
Flux Transformer blocks to efficiently bridge the domain shift.

2.4 Spectral Supervision

While the spatial-domain flow matching objective L ¢4, aligns global structure,
MSE-based losses often lead to over-smoothed results lacking fine metabolic
details. To mitigate this, we introduce a latent-space spectral regularization that
ensures both memory efficiency and stable optimization.

Let A(v) and A(vg) denote the amplitude spectra of the target velocity v =
20 — 2z and the predicted velocity vy computed via 2D Fast Fourier Transform
(FFT). To prevent low-frequency dominance, we apply a logarithmic transform
L(-) = log(A(-) + 1) and define the spectral discrepancy as A = |L(v) — L(vg)|.
Inspired by the focal frequency loss [5], we employ a focal weighting mechanism
to explicitly penalize hard-to-learn high-frequency bands:

1
EFFT = W Z(Au,v)’y : Au,m

where « controls the focusing degree. The final objective is Liotat = Lfiow +
a(s)Lrrr, where the balancing weight a(s) = Apax(1 — e75%) follows an expo-
nential warm-up schedule based on the training step s. This curriculum allows
the model to establish global structure early on, gradually increasing the spectral
constraint to refine intricate metabolic details.

3 Experiments

3.1 Dataset and Implementation Details

Dataset. We evaluate paired MRI/PET data from ADNI [i4,24] for two trac-
ers: 18F-FDG (1,549 subjects) and '8F-AV45 (1,124 subjects). We use a strict
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Fig. 2. Qualitative comparison of PET image synthesis. The top two rows display the
synthesized AG-PET images and their corresponding error maps from a representative
subject from the test set. The bottom two rows present the FDG-PET synthesis results
and error maps under the same configuration.

8:1:1 subject-independent train/validation/test split without leakage. All vol-
umes are skull-stripped, registered to MNI152, normalized to [0, 1], and extracted
as 512x512 2D slices to match Flux’s native resolution.

LLM Prompting. The medical knowledge base D maps cognitive assess-
ments [[3,24,1,2,27] (e.g., MMSE, CDR-SB) to expected regional metabolic al-
terations based on established clinical guidelines [3,8,20,21]. Querying the Qwen
with D and patient metadata synthesizes a specific narrative pgesc (€.g., severe
cognitive decline with MMSE < 15 yields “widespread bilateral temporoparietal
hypometabolism” for FDG, or “elevated cortical amyloid deposition” for AV45).
This mitigates the inherent structural-functional ambiguity by providing a ro-
bust, clinically grounded semantic baseline for our dynamic prefix tuning.

Training Details. Built upon the Flux backbone, we train the network with
AdamW on 4 NVIDIA A100 GPUs for 30,000 iterations using a batch size of 4
and learning rate 1 x 10~%. The 12.2B-parameter backbone is frozen, and LoRA
updates only 298.8M parameters (2.45%).

3.2 Comparisons with State-of-the-Arts

To validate our approach, we compare PETFlux with strong baselines across
GANs (pix2pix, PGAN), Transformers (ResViT), state-space models (Mam-
balR), and diffusion-based models (SD v1.5, pix2pix-turbo).

Table O and Fig. B present the comparisons. While traditional GANs yield
reasonable structural scores, they suffer from inferior perceptual quality. ResViT
achieves strong metrics but produces over-smoothed textures that obscure fine
pathological details. Although advanced models (MambalR, pix2pix-turbo) offer
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Table 1. Quantitative comparison of MRI-to-PET synthesis and downstream classi-
fication performance. MAEg denotes the Mean Absolute Error of SUVR. Best results
are bold, second-best results are underlined.

Synthesis Metrics Classification
PSNRt SSIM{t LPIPS| MAEs | ACCtT AUC?T

2pix 7] AV45 21.13 0.8831 0.1526 0.1399 0.7432 0.5824
pixapix [1U FDG 26.31 0.9615 0.0410 0.0558 0.8251 0.6693
PGAN [17] AV45 23.89 0.9571 0.0613 0.1526 0.8074 0.5412
= FDG 24.87 0.9152 0.0654 0.2188 0.7935 0.5068

AV45  24.66 0.9654 0.0521 0.2125 0.8314 0.6537
FDG 25.04 0.9638 0.0683 0.0631 0.7672 0.5461
SD v1.5 [26.31] AV45 1546 0.3025 0.2958 0.2382 0.6548 0.6023
-0 (208 FDG 18.08 0.4251 0.1832 0.1115 0.7226 0.5765
x2pix-turbo (2] AV45 23.10 0.9217 0.1205 0.1506 0.8236 0.7194
PIXLPIX-tUrbo 231 ppG 24.85  0.9453  0.1137  0.0545 0.8003 0.4731
MambalR [7] AV45 23.89 0.9309 0.1983 0.1506 0.8231 0.7215
: FDG 2593 0.9452 0.1866 0.0600 0.8129 0.6991

AV45  26.43 0.9736 0.0412 0.0889 0.8415 0.7946
FDG 27.37 0.9772 0.0335 0.0500 0.8572 0.7684

Method Mod.

ResViT [d]

PETFlux (Ours)

Real PET : :
FDG - - - - 0.8266 0.8427
FDG Impact of LoRA Rank ;l\]/(js Ablation Study of the Proposed Module
Avas
PSNR ssIM LPIPS PSNR 1 SSIM LPIPS
26.70 0.975 0.060 27.00 0.977
26.20 0.975 0.045
0.970 X
25.70 0050 26.00 0.973 0.040
25.20 0.965 0.040 25.00 0971 0.035
24.70 0.969
24.20~ 0.960 + o5 T 10.030+ 24.00+ 0.967+ 0.030+
16 32 64 128 163264 128 16 32 64 128 & @ RS ST RO et
Rank (1) Rank (r) Rank (r) DRI LR IR LR IR

Fig. 3. Ablation studies of PETFlux. Left: Impact of LoRA rank. Right: Component-
wise analysis of Log-FFT, LLM-Txt, and L-Pmt; PETFlux denotes the full model.

competitive fidelity, they struggle with complex structural-functional mapping.
Furthermore, standard diffusion (SD v1.5) suffers severe performance degrada-
tion due to the profound domain gap.

In contrast, PETFlux achieves state-of-the-art overall synthesis performance.
By leveraging foundation priors alongside strict spectral supervision, it signifi-
cantly outperforms all baselines in both perceptual quality and structural fidelity.
To rigorously evaluate clinical utility, we compute the Mean Absolute Error
of the Standardized Uptake Value Ratio (MAEg) across an established corti-
cal composite ROI comprising five AD-core regions (frontal, cingulate, parietal,
temporal, and precuneus) [I8]. Crucially, PETFlux achieves the lowest MAEg,
demonstrating its exceptional ability to synthesize clinically accurate metabolic
distributions rather than merely visually plausible textures.
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Downstream Diagnostic Utility. We evaluate practical utility by feeding the
synthesized images into a diagnostic classifier pre-trained on real PET data to
distinguish AD from NC/MCI [d]. As shown in Table [, existing baselines per-
form inconsistently across tracers and yield suboptimal AUC scores. Conversely,
PETFlux achieves the highest ACC and AUC among all synthesis methods, con-
firming that our LLM-augmented conditioning effectively imbues the generated
images with accurate, disease-specific metabolic signatures.

3.3 Ablation Studies

Impact of LoRA Rank. We evaluate the adaptation rank r in Fig. 3 (left).
Performance improves steadily up to r = 128, indicating that the MRI-to-PET
domain shift requires sufficient adaptation capacity rather than very low-rank
updates. Although larger ranks may bring marginal gains, we cap r at 128 to
balance synthesis quality, VRAM consumption, and overfitting risk on limited
medical data.

Component Analysis. We validate the individual contributions of our key
modules: the Log-Scale Focal Frequency Loss (Log-FFT), LLM-derived tex-
tual conditioning (LLM-Txt), and learnable soft prompts (L-Pmt). As shown
in Fig. B, the baseline Flux backbone with standard spatial loss yields subopti-
mal structural fidelity. Integrating the Log-FFT Loss significantly boosts PSNR
and SSIM across both tracers by adaptively penalizing high-frequency synthesis
errors and suppressing artifacts.

Furthermore, the explicit clinical narrative (LLM-Txt) effectively translates
medical indices into visual semantics (as illustrated in Fig. m), aligning clinical
expectations with the backbone’s natural generative priors to provide a stable
semantic anchor. The most notable enhancement in perceptual quality occurs
with the addition of the dynamically learnable prefix tokens (L-Pmt). This abla-
tion supports our hypothesis that LLM text sets the general metabolic expecta-
tion, while learnable soft prompts provide the precise mapping needed to resolve
structural-functional ambiguity and synthesize tracer-specific details.

4 Conclusion

We presented PETFlux, a framework adapting natural foundation models for
inherently ill-posed MRI-to-PET synthesis. By combining LLM-guided clinical
metadata conditioning with an empirical log-scale focal frequency loss, PETFlux
mitigates structural-functional ambiguity and spatial over-smoothing. Evalua-
tions on ADNI demonstrate state-of-the-art synthesis fidelity and superior down-
stream diagnostic utility across multiple tracers, while external validation and
blinded expert assessment remain necessary before clinical translation. Inspired
by recent LLM-assisted diagnostic prompting and cross-modality fusion stud-
ies [27,30], future work could explore multi-step semantic prompts, region-aware
metabolic guidance, and MoE-style conditioning for heterogeneous tracers, co-
horts, and acquisition protocols.
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