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We introduce a plug-and-play framework for reconstructing natural images from
functional Magnetic Resonance Imaging (fMRI) using a frozen diffusion prior. The
approach decouples appearance and semantics: early-visual activity is linearly decoded to a
Variational Autoencoder (VAE) latent that preserves structure, while higher-level activity is
decoded to a text embedding that guides content. A lightweight diagonal ridge calibration
aligns predicted semantics with the model’s conditioning space. Reconstruction runs in
image-to-image mode by stochastically encoding from the predicted appearance latent and
denoising with U-Net conditioned on the calibrated semantics—without fine-tuning the
generative model. On Natural Scenes Dataset (NSD), the method improves semantic
alignment and perceptual fidelity over strong baselines, offering a simple and reproducible
pathway to brain-guided image synthesis.

fMRI, brain decoding, image reconstruction, diffusion models, diagonal ridge
calibration

Our visual experience is not determined directly by the objective, physical stimuli to eyes but by a
complicated mechanism processing in human brains. Elucidating how human visual system works
has been a significant topic in the study of neuroscience. Functional Magnetic Resonance Imaging
(fMRI), as a potent non-invasive method providing the whole brain activity information, is widely
used in the research of human vision mechanism. Recently, with the development of artificial
intelligence, reconstructing the stimuli directly from fMRI-to-image has become feasible. However,
current fMRI-to-image reconstruction methods often suffer from semantic distortions and typically
require high-precision fMRI data, making high-fidelity, semantically accurate reconstruction
particularly challenging.

Previous work applies Generative Adversarial Networks (GANs) to map fMRI representations
into a pretrained latent space to synthesize reconstructions consistent with the stimuli [1,2]. Despite
this progress, two obstacles remain prominent: (i) preserving semantic fidelity—ensuring that
reconstructed images reflect the correct objects and scene relations—and (ii) reducing reliance on
high-field or high-SNR acquisitions so that methods remain effective under comparatively low fMRI
quality.

© 2026 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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Diffusion models generate images by learning to reverse a gradual noising process. During
training, clean images are progressively corrupted with Gaussian noise; the model is taught to
predict and remove that noise at each step until form a rather high-field picture [3].

We propose a diffusion-prior decoder that jointly conditions on two fMRI-derived signals: an
early-visual appearance latent zop (a manually drawn occipital cluster covering primary/secondary
visual cortex) and a high-level semantic embedding (ventral region, ventral temporal cortex). A
lightweight per-dimension diagonal ridge calibration aligns the predicted codes with the model’s
conditioning space, which enables effective reconstructions from routine-quality fMRI without
tuning the generative backbone. On NSD, this yields higher semantic fidelity and perceptual quality
than GAN-based and single-stream baselines.

2. Related work
2.1. MinD-Vis

MinD-Vis proposes a two-stage brain-to-image framework: a sparse-coded masked brain modeling
(SC-MBM) pretraining on large-scale fMRI to learn high-capacity representations, followed by a
double-conditioned latent diffusion model (DC-LDM) that injects fMRI features via cross-attention
and time-step conditioning to enforce sampling consistency. Evaluated with n-way top-k semantic
identification and FID, MinD-Vis reports clear gains over prior GAN/feature-based baselines and
shows transfer to Brain, Object, Landscape Dataset [4].

2.2. Denoising Diffusion Probabilistic Models and U-Net

A Denoising Diffusion Probabilistic Model (DDPM) defines a forward Markov chain that gradually
adds Gaussian noise to data, and a learned reverse Markov chain that denoises step-by-step to
sample from the data distribution. Training optimizes a variational bound; with the common “g-
prediction” parameterization this becomes essentially denoising score matching, and sampling looks
like Langevin-style updates. These models can produce high-quality images [3,5].

U-Net is an encoder—decoder CNN with a contracting path that captures context and a symmetric
expanding path for precise localization; skip connections fuse high-resolution encoder features with
decoder up-samples. With strong data augmentation it trains effectively from few images and
became a powerful tool for prediction [6].

2.3. Stable Diffusion reconstruction from fMRI

Different from Chen et al.’s work, Takagi & Nishimoto’s CVPR 2023 method uses the Stable
Diffusion model as fixed latent diffusion prior and learns only simple linear mappings from fMRI to
two internal representations of the model. While decoding early visual cortex to image latent z; ,
the text prompt co is decoded from the ventral cortex. Then, by condition denoising an image with
improved semantic meaning is produced. This work establishes latent diffusion models as strong
priors for the brain-to-image reconstruction while offering innovative insights into how different
latent components map onto visual cortex [7].
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3. Methods
3.1. Overview

The overview of our method is shown in Fig. 1.
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Figure 1. Overview of our pipeline. Early-visual fMRI is linearly decoded to an image latentz
(structure), while ventral-stream fMRI is decoded to a text embedding &, which is calibrated to ¢

via per-dimension diagonal ridge. Stable Diffusion runs in image-to-image mode, denoising a noisy

version of 2, under conditioning on ¢

3.2. Dataset

In this project, Natural Scenes Dataset (NSD) is chosen. NSD provides whole-brain 7T fMRI at 1.8-
mm isotropic resolution from eight participants, and each subject viewed approximately 9,000
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10,000 color natural scenes across ~30-40 sessions; in total the cohort covers 70,566 distinct
images. For Subject 1, we load single-trial fMRI beta estimates (betas fithrf GLMdenoise RR, 1.8-
mm in volume space) and restrict analyses to the region of interest (ROI) masks from the stream’s
atlas (e.g., early visual cortex for appearance and ventral stream for semantics). Visual stimuli are
the 70,566 natural images from Microsoft’s Common Objects in Context (COCO) used in NSD.
Following the standard NSD protocol, we split data into data for training (non-shared images) and
data for test (the =1k shared images across sessions), averaging fMRI responses across repeats for
test items [8].

3.3. Denoising Diffusion Probabilistic Models

DDPM is a Markov Chain trained by variational inference. In the chain, noise is gradually adding to
the information by the equation:

T = yJarzo + V1 — auey (1)

Where z; is the new information which noisier than the input z,, ¢; is Gaussian noise and o
is the amount of noise that is added to the original information. The reverse model is a Markov
chain and in practice the simplified denoising loss can be expressed as:

Laimpte = E{t ~U{1...T}, 2" ~ pagatae ~ N} | € — €p(zen) I3 )

For conditional situation, the generation e4(x¢,t,c) is conditioned on c . In this project, ¢ is
derived from the information of ventral area of the fMRI image, and the x; is derived from the
early area information.

3.4. Per-dimension diagonal ridge calibration

We apply a post-hoc diagonal ridge calibration to the fMRI-predicted text embedding ¢ . Instead of
a full matrix, we fit independent 1-D ridge regressions per embedding dimension to align ¢ with the

ground-truth text embeddings ¢ on the training set. This yields a diagonal scale vector w and an
offset b, and we calibrate test-time predictions by an element-wise affine map [9]:

¢ = reshape (w ® vec (¢) +b)  w,b € RT7x168 (3)
Here 77 is the fixed token length and 768 is the hidden size of Contrastive Language—Image
Pretraining (CLIP) text encoder.

3.5. The utilization of DDPM & U-Net in fMRI-reconstruction

We pass each stimulus image through the Stable Diffusion VAE encoder (no model fine-tuning) at
320 px to obtain a 4x40x40 latent. This latent z¢ captures low-level structure. Early-visual ROI
fMRI (early cortex which locates in V1/V2/V3 around the calcarine sulcus) is paired with as its
target.
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We feed the image’s captions into the Stable Diffusion text encoder to get a conditioning
embedding c¢ (averaged over the available captions). High-level ROI fMRI (ventral occipito-
temporal cortex) is paired with. Then, a per-dimension diagonal ridge calibration aligns predicted c
to the text-encoder space.

For each ROI, we train ridge regressors that map fMRI betas to the model’s internal codes:

20 = Wz—l—fMRIearly + bz and ¢= WcT fMRIve'ntral + bc (4)

We keep the diffusion backbone frozen and run Stable Diffusion in image-to-image mode:
initialize the latent with our predicted z¢ , encode it to timestep t.,. (set by the strength
parameter). Then, the reverse diffusion is executed where the U-Net denoiser iteratively removes
noise while being conditioned on the predicted semantic embedding ¢ via cross-attention and
classifier-free guidance. Finally, we decode the denoised latent with the VAE decoder to obtain Z .

3.6. Evaluation

We evaluate on the NSD shared-test set (<982 images per subject; voxel responses averaged across
repeats) and report subject-wise means with 95% confidence intervals obtained by bootstrapping
images. Unless noted otherwise, we generate five reconstructions per image and report both mean-
of-5 and best-of-5 scores (the latter upper-bounds stochastic sampling). Statistical comparisons use
paired t-tests across images with Holm—Bonferroni correction [10].

4. Results

Table 1. Visual resultsr

Original Reconstructed

a b c
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Table 2. Correlation analysis

Method Pearson r SSIM
GAN 0.363 0.156
Calibration 0.172 0.388

As the correlation analysis shown in the Table 2, even though we get a lower score in pixel
correlation (Pearson r), our method achieves a higher score in perceptual similarity (SSIM), with
consistent gains on Subject 1; improvements over ablations are significant (p <0.01) [10,11].

Overall, the trend matched our expectations, but the improvement was smaller than we had
anticipated. The per-dimension diagonal affine calibration did reduce semantic drift and produced
modest quality gains, yet its impact was limited for several reasons: (1) the transform is diagonal
and linear, so it cannot correct more critical subspace rotations or nonlinear biases in the text-
embedding space; (2) given the fMRI signal-to-noise ratio and dataset size, the predicted c still
contains systematic noise that simple scaling/shift cannot fully remove; (3) errors in the structural
channel zp impose a geometric ceiling, and under weak signals the diffusion prior tends to “snap
back” to generic appearances. Consequently, we observe stable but modest gains.

However, results are currently demonstrated on a constrained subset (e.g., one subject / limited
repeats). Cross-subject performance remains an open question. Subject-agnostic encoders with small
subject adapters (feature-wise linear modulation, bias terms) and few-shot calibration on new
subjects are promising directions. Report variance across seeds and images to quantify robustness.

We presented a simple, plug-and-play framework for fMRI-to-image reconstruction that decouples
appearance and semantics and injects them into a frozen diffusion (DDPM) prior. A lightweight
diagonal ridge calibration is utilized to align ¢ to the text-encoder space. Across NSD, this design
improves perceptual quality and semantic alignment without fine-tuning the generator, offering a
data-efficient and reproducible path to brain-guided image synthesis. While semantic errors are not
fully eliminated, the method establishes a strong, modular baseline that future work can extend with
stronger decoders and joint training to further reduce semantic drift.
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