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Abstract. Understanding how intrinsic brain activity constrains stimulus-
evoked responses is a central challenge in cognitive neuroscience. Task-
based fMRI measures localized evoked activation but is costly and difficult
to scale, whereas resting-state fMRI (rs-fMRI) is easier to acquire yet lacks
direct stimulus interpretability. We study resting-conditioned synthesis of
visually evoked fMRI (ve-fMRI): given an rs-derived intrinsic functional
prior and a visual stimulus image, we predict the corresponding trial-
wise activation volume. We propose Rest2Visual, a 3D encoder–decoder
network that encodes the resting prior into hierarchical volumetric fea-
tures and injects stimulus embeddings into the decoder via adaptive
group normalization to produce stimulus-specific maps. Using large-scale
rs–stimulus–evoked triplets, Rest2Visual improves voxel-wise and represen-
tational agreement over stimulus-agnostic and modality-ablated baselines,
and preserves subject-specific response structure. We further use image
reconstruction as a downstream probe to assess whether the synthesized
activations retain stimulus information. The results suggest that individ-
ualized intrinsic organization can be transformed into stimulus-aligned
activation patterns for scalable functional modeling.
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1 Introduction

Functional magnetic resonance imaging (fMRI) enables noninvasive mapping of
stimulus-driven neural responses with high spatial resolution [20,18,21]. Visual
paradigms reveal topographic organization and hierarchical processing across
cortical areas [28,19]. However, acquiring visually evoked fMRI (ve-fMRI) re-
quires synchronized protocols, sustained subject participation, and prolonged
scanning [7,11], limiting scalability in clinical or low-compliance settings.

Resting-state fMRI (rs-fMRI) is easier to obtain but lacks an explicit link to
external stimuli. Despite limited interpretability, rs-fMRI exhibits subject-specific,
topologically stable connectivity [8,13] and correlates with task-evoked activa-
tions [27,6], suggesting that rs-fMRI encodes individualized priors that constrain
stimulus-driven responses. This motivates the question: can an intrinsic prior
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Fig. 1: Overview of Rest2Visual pipeline.

extracted from rs-fMRI be transformed into stimulus-aligned evoked activation
when conditioned on visual input?

Prior work on visual brain modeling typically assumes task fMRI and focuses
on stimulus-to-activation mapping, from hand-crafted encoding models to deep
visual representations aligned with cortical responses [19,12,30,29]. In parallel,
large-scale decoders can reconstruct stimuli from evoked activity [26,23,5]. While
rs-fMRI has been linked to task activations [27,6], existing methods generally do
not combine an rs-derived intrinsic prior with stimulus conditioning to synthesize
individualized voxel-wise evoked maps. We instead study resting-conditioned
synthesis, while exploit image reconstruction as an important downstream probe.

We instantiate this task with Rest2Visual, a 3D encoder–decoder where a
volumetric encoder extracts hierarchical features from the resting prior and a
conditional decoder injects stimulus embeddings via adaptive group normalization
to produce stimulus-specific activation maps (Fig. 1). We construct large-scale
rs–stimulus–evoked triplets from NSD [2], pairing each resting prior with natural
images and GLM-derived evoked maps. Experiments show improved voxel-wise
and representational agreement over stimulus-agnostic and modality-ablated
baselines while preserving subject-specific response structure, supporting the
feasibility of transforming intrinsic organization into stimulus-aligned activations
with reduced reliance on task-based acquisition.

2 Methodology

2.1 Data Triplet Construction

We construct our dataset from the Natural Scenes Dataset (NSD) [2], which
provides high-resolution 7T fMRI responses from 8 healthy adults viewing thou-
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sands of natural scene images sourced from MS COCO [16]. Let S = {s1, . . . , s8}
denote the set of human participants. For each subject-session pair (s, t), we
extract a resting-state fMRI scan xraw

(s,t) ∈ RT×Ds×Hs×Ws (with T time points,
and Ds, Hs, Ws denoting the depth, height and width of the 3D brain volume
for subject s, respectively), and a set of stimulus-evoked fMRI beta volumes
{yraw

(s,t)
i }750i=1 paired with visual stimuli {v(s,t)

i }750i=1, where yrawi ∈ RDs×Hs×Ws

and vi ∈ R3×425×425.

Spatial Registration. To ensure spatial alignment across subjects, all volumes
are registered to MNI152 space [9] via continuous interpolation and resampled
to 2mm isotropic resolution. The spatially normalized versions are denoted as
x(s,t),y

(s,t)
i ∈ RD×H×W .

Resting-state processing. To obtain a subject-specific resting-state connectivity
prior that captures intrinsic brain organization, we compute a seed-based GLM
map from the posterior cingulate cortex (PCC), a key hub in the default mode
network. We define Ω ⊂ {1, . . . , D}×{1, . . . ,H}×{1, . . . ,W} which denotes the
set of voxels within the brain, as defined by a MNI152 whole-brain mask. Let
R ⊂ Ω denote the PCC region. For each session t, we compute the PCC mean
time series r(s,t)(τ), where τ indexes fMRI time points, by averaging the BOLD
signal across all voxels in the PCC region:

r(s,t)(τ) =
1

|R|
∑
v∈R

x(s,t)(τ, v), τ = 1, . . . , T. (1)

The denoised PCC trace r̃(s,t) is obtained by temporal bandpass filtering and
convolving with the canonical hemodynamic response function (HRF). A voxel-
wise GLM is then fitted:

x(s,t)(·, v) = β(s,t)(v) · r̃(s,t) + ε(v), ∀v ∈ Ω, (2)

where β(s,t)(v) is the regression coefficient for voxel v. We z-score the coefficient
as z(s,t)(v) = β(s,t)(v)−µ(s,t)

σ(s,t) , where µ(s,t) and σ(s,t) denote the mean and standard
deviation of {β(s,t)(v)}v∈Ω. The resulting map z(s,t) ∈ RD×H×W serves as the
resting-state intrinsic function map.

Stimulus-evoked data. Each stimulus image v
(s,t)
i is associated with a beta

activation map y
(s,t)
i derived via trial-level GLM. To eliminate the extreme

outliers introduced by NSD’s liberal masking policy, we apply the MNI152
whole-brain mask as follows ỹ

(s,t)
i (v) = y

(s,t)
i (v)1Ω(v).

Final dataset. The full data pipeline transforms the raw data into a set of triplets
of resting-state map, stimulus image, and beta map for model training:

D(xraw,yraw,v) =
{(

z(s,t),v
(s,t)
i , ỹ

(s,t)
i

)
| s ∈ S, t, i

}
. (3)
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2.2 Rest2Visual

Given a subject-session pair (s, t) and stimulus index i, Rest2Visual takes a resting-
state connectivity prior z(s,t) and a paired stimulus image v

(s,t)
i , and predicts the

corresponding evoked beta volume ŷ
(s,t)
i . We denote the model as fθ : (z,v) 7→ ŷ,

implemented as a conditional 3D U-Net with an image-conditioned decoder:

ŷ
(s,t)
i = fθ

(
z(s,t),v

(s,t)
i

)
= Dcond

(
Evol(z

(s,t)), c
(s,t)
i

)
, c

(s,t)
i = Eimg

(
v
(s,t)
i

)
.

(4)
Eimg is a frozen ResNet-50 encoder that maps v

(s,t)
i to a condition vector

c
(s,t)
i ∈ R512. Evol is a 4-stage 3D convolutional encoder with channel widths
{32, 64, 128, 256} and 2× max-pooling at each stage. Each stage consists of two
3 × 3 × 3 convolutions with GroupNorm and GELU, producing hierarchical
volumetric features. The decoder mirrors the encoder with transpose-convolution
upsampling and concatenation skip connections, and outputs a single-channel
volume via a 1× 1× 1 convolution.

We inject c(s,t)i through two pathways. First, at the bottleneck we concatenate
it with the bottleneck feature map. Second, we modulate each decoder stage using
adaptive group normalization (AdaGN). For an intermediate feature map h ∈
RB×C×D′×H′×W ′

, where γ(·) and β(·) are learned linear projections producing
channel-wise affine parameters,

AdaGN(h; c) = GN(h)⊙ γ(c) + β(c), γ, β : R512 → RC , (5)

The model is trained to minimize voxel-wise prediction error between the
generated activation ŷ

(s,t)
i and the corresponding ground-truth beta volume ỹ

(s,t)
i .

We use a standard mean squared error (MSE) loss over all brain voxels:

LMSE =
1

|Ω|
∑
v∈Ω

(
ŷ
(s,t)
i (v)− ỹ

(s,t)
i (v)

)2

. (6)

During training, each sample
(
z(s,t),v

(s,t)
i , ỹ

(s,t)
i

)
is independently drawn

from the dataset D, and the loss is averaged over the batch. Model parameters θ
are optimized to minimize LMSE across the dataset:

θ∗ = argmin
θ

E(s,t,i)∼D

[
LMSE

(
fθ(z

(s,t),v
(s,t)
i ), ỹ

(s,t)
i

)]
. (7)

3 Experiments

We train Rest2Visual jointly on all 8 NSD participants, holding out 1,000 triplets
uniformly sampled across subjects for testing and splitting the remainder into
90%/10% train/validation (across subjects and sessions). We compare against
two non-parametric baselines: Random, spatial Gaussian noise matched to target
volume statistics [10,17], and Resting, a stimulus-agnostic prediction using the



Rest2Visual 5

subject’s resting-state fMRI [24,6]. We report voxel-wise accuracy (Pearson,
MAE, SSIM) and representational structure preservation via RSA, defined as
the Pearson correlation between predicted and ground-truth RDMs computed
from correlation-distance patterns [14]. Results are reported for whole brain
(MNI152 mask; Nilearn [1]) and visual cortex (V1–V5; Julich-Brain atlas [3]). As
a downstream probe, we reconstruct stimuli from predicted and ground-truth
ve-fMRI using MindEye2 [23] and evaluate reconstructions with low-level (SSIM,
AlexNet [15]) and high-level (Inception [25], CLIP [22], SwAV [4]) metrics.

3.1 Main Quantitative Results

Table 1 summarizes performance on the proposed resting-conditioned ve-fMRI
synthesis task. Rest2Visual substantially outperforms both sanity-check baselines
(Random and Resting) in whole brain and visual cortex across voxel-wise and
representational metrics, indicating that the model recovers stimulus-evoked
activation patterns beyond background noise and intrinsic topology alone. Im-
provements are strongest in V1–V5, consistent with these regions being most
stimulus-responsive. Overall, the results demonstrate that combining resting
priors with visual conditioning yields reliable, stimulus-aligned activation maps.

Table 1: Quantitative results in full brain and visual cortex (mean ± std).
ROI Method Pearson Corr (↑) RSA (↑) MAE (↓) SSIM (↑)

Full
Brain

Random 0.0000 ± 0.0020 0.0016 1.4932 ± 0.0269 0.6022 ± 0.0861
Resting 0.0104 ± 0.0560 0.5472 2.0633 ± 0.0741 0.4134 ± 0.0947

Ours(ns-stim) 0.1752 ± 0.0662 0.1054 1.4750 ± 0.0720 0.6266 ± 0.0738
Ours(ns-fmri) 0.3357 ± 0.1164 0.6245 1.8644 ± 0.2538 0.4952 ± 0.1080

Ours 0.3861 ± 0.1238 0.6523 1.2653 ± 0.1143 0.6935 ± 0.0727

Visual
Cortex

(V1–V5)

Random 0.0000 ± 0.0071 0.0024 2.1384 ± 0.2180 0.3087 ± 0.0902
Resting 0.1068 ± 0.1020 0.6864 2.1745 ± 0.2017 0.2707 ± 0.1008

Ours(ns-stim) 0.2788 ± 0.0961 0.0018 2.9324 ± 0.2037 0.3209 ± 0.0724
Ours(ns-fmri) 0.6089 ± 0.1527 0.6864 2.1036 ± 0.3039 0.4696 ± 0.1108

Ours 0.6541 ± 0.1560 0.8199 2.0350 ± 0.2991 0.5077 ± 0.1147

3.2 ve-fMRI Prediction and Visual Stimulus Reconstruction

We further examine prediction quality beyond aggregate voxel metrics via quali-
tative neuroanatomical inspection and downstream stimulus reconstruction.

Anatomical consistency. Fig. 2 compares predicted and ground-truth activation
maps across multiple anatomical views. Predictions reproduce characteristic
occipital activation patterns consistent with visually driven responses and show
coherent spatial organization across slices. Qualitatively, the synthesized maps
appear less dominated by isolated outlier voxels than the raw targets, suggesting
that the model captures structured signal rather than background fluctuations.
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Fig. 2: Visual comparison between predicted visually evoked fMRI maps and the
NSD-provided ground truth beta maps across multiple anatomical views.

Perceptual integrity of reconstructed images. We use a pretrained MindEye2
decoder [23] as a downstream probe by zero-shot reconstructing stimuli from
predicted and ground-truth ve-fMRI. As shown in Fig. 3, reconstructions from our
predictions preserve salient visual attributes. Table 2 quantifies reconstruction
similarity in both low-level and semantic feature spaces: using predicted maps
yields slightly lower scores than using NSD beta maps, which is expected since
MindEye2 is trained on NSD targets and thus favors their statistics.

Table 2: Similarity between reconstructed images and original stimuli, using
either NSD-provided ve-fMRI or our predicted ve-fMRI as input.

ve-
fMRI

Low-Level High-Level

SSIM (↑) Alex(2) (↑) Alex(5) (↑) Incep (↑) CLIP (↑) SwAV (↓)

NSD 0.224 ± 0.156 0.703 ± 0.110 0.555 ± 0.145 0.647 ± 0.116 0.631 ± 0.126 0.444 ± 0.113
Ours 0.192 ± 0.156 0.673 ± 0.115 0.512 ± 0.141 0.601 ± 0.114 0.582 ± 0.122 0.496 ± 0.109

3.3 Individuality Preservation

To assess whether predictions preserve subject-specific response structure, we
compute inter-subject correlation matrices over the 125 stimuli shared across
all participants (Fig. 4). Each entry is the Pearson correlation between two
subjects’ responses aggregated over the shared stimuli. Our predicted matrix
closely matches the ground-truth pattern, with low off-diagonal correlations,
indicating that predictions do not collapse to a population-average response.
In contrast, the stimulus-only baseline (no resting prior) exhibits a different
correlation structure, consistent with reduced subject-specific differentiation.
These results suggest that conditioning on rs-fMRI enables Rest2Visual to retain
individualized functional signatures in synthesized ve-fMRI.
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Fig. 3: Stimulus images (top row), reconstruction from ground truth fMRI (middle
row) and zero-shot reconstruction from our predicted fMRI (bottom row).

(a) Ours (b) Ground Truth (c) Stimulus-only

Fig. 4: Inter-subject Pearson correlation of our predicted (a), ground truth (b) and
stimulus-only (c) ve-fMRI activation maps, averaged across 125 shared stimuli.

3.4 Ablation Study

We ablate each modality by replacing it with spatial Gaussian noise (Fig. 5). Noisy
rs-fMRI (ns-fmri) substantially degrades performance (Table 1) and collapses
predictions, confirming that the resting prior provides essential subject-specific
spatial organization. Noisy stimuli (ns-stimuli) retain coarse spatial structure but
remove semantic content in reconstructions, suggesting that stimulus information
is needed for stimulus-specific variation beyond the resting scaffold.

Table 3: Generalization evaluation for unseen stimulus and subjects.
Method Pearson RSA MAE SSIM

Ours (Normal) 0.3861 ± 0.1238 0.6523 1.2653 ± 0.1143 0.6935 ± 0.0727
Ours (Unseen stimuli) 0.3804 ± 0.1243 0.6438 1.2639 ± 0.1130 0.6950 ± 0.0726
Ours (Unseen subject) 0.1361 ± 0.0430 0.2590 1.4714 ± 0.0485 0.6992 ± 0.0377



8 C. Zhou et al.

Fig. 5: Reconstruction under input ablations with spatial Gaussian noise. Left:
noisy rs-fMRI (valid stimulus). Right: noisy stimulus (valid rs-fMRI).

Fig. 6: Stimuli images (top) and reconstructions (bottom) for unseen stimulus.

3.5 Generalization Analysis

Table 3 summarizes generalization to unseen stimuli and a held-out subject.
Performance on unseen stimuli remains close to the in-distribution setting across
metrics, suggesting Rest2Visual learns transferable stimulus-conditioned map-
pings rather than memorizing specific images. In contrast, holding out an entire
subject leads to a substantial drop, consistent with the subject-conditioned for-
mulation and reliance on individualized resting priors. With only eight NSD
participants, learning a fully subject-agnostic mapping remains challenging and
is a key direction for future work.

4 Conclusion

We proposed resting-conditioned synthesis of visually evoked fMRI: predicting
trial-wise beta maps from an rs-fMRI derived intrinsic prior and a visual stimu-
lus. Rest2Visual combines a 3D encoder–decoder with stimulus conditioning to
produce stimulus-aligned activation maps, improving over noise and resting-only
baselines, showing strongest gains in visual cortex, and preserving inter-subject
individuality. Using zero-shot visual reconstruction as a downstream probe, re-
constructions from predicted maps retain stimulus-related content, suggesting
that the synthesized activations preserve information useful for downstream
decoding. These results support a practical route toward task-reduced functional
mapping when task-based acquisition is difficult or infeasible. Several limitations
define the current scope of the study. Rest2Visual targets GLM-derived trial-wise
beta maps because they summarize stimulus-associated activation patterns while
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reducing temporal and acquisition-related variability present in raw BOLD time
series. Cross-subject generalization remains limited because the task requires
paired resting-state fMRI, visual stimuli, and evoked responses; NSD is among
the few suitable public resources but includes only eight subjects. Future studies
could further extend this framework by improving subject-adaptive modeling
and training on larger and more diverse cohorts.
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