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Abstract. Recent advances in diffusion-based generative models have
substantially improved image reconstruction from fMRI signals. However,
most existing approaches rely on visual cortical activity, flatten voxel
responses into unstructured representations, and require subject-specific
adaptation. Here we propose ConnecToMind2, a whole-brain neural de-
coding framework that models fMRI activity at the region level and
incorporates structural connectivity (SC) priors. Whole-brain signals are
first aligned to a shared anatomical space and projected into regional em-
beddings that preserve cortical organization. These embeddings are then
aligned to the CLIP image embedding space via a Connectome-guided
Q-Former, where SC priors guide cross-attention to enforce inter-regional
interactions. We evaluate our model on the Natural Scenes Dataset (NSD)
under intra-subject and inter-subject settings. ConnecToMind2 achieves
competitive performance across perceptual and semantic metrics. Ab-
lation analysis confirms that essential information for reconstruction is
distributed throughout the whole-brain rather than confined to the vi-
sual network. All codes for this study are publicly available at GitHub
(https://github.com/aimed-gist/ConnecToMind2).

Keywords: fMRI-to-image - Diffusion model - Structural connectivity -
Natural Scenes Dataset.

1 Introduction

Neural decoding reconstructs perceptual and semantic content from brain ac-
tivity, providing insights into human cognition and enabling brain-computer
interfaces . With the advent of diffusion-based generative models, image
reconstruction from functional Magnetic Resonance Imaging (fMRI) has substan-
tially improved in quality . Despite these advances, robust fMRI-to-image
alignment remains difficult due to pronounced inter-subject variability in neural
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responses [4,/7]. This variability highlights the need for decoding frameworks that
learn transferable representations across subject.

Most recent approaches follow a common paradigm: they extract voxel re-
sponses primarily from the visual cortex, flatten them into 1-dimensional vectors,
and align them to CLIP image embeddings [21,/22]. A diffusion model then uses
these aligned embeddings to reconstruct images [211[22]. However, this strategy
treats complex brain activity as an unstructured vector, despite the fact that
visual perception is a hierarchical process that involves the whole-brain, not just
the visual cortex [3]. By flattening the voxel responses, existing methods discard
the anatomical and functional organization of large-scale brain networks [2}12].

Neuroscience studies indicate that visual perception is not confined to the
visual cortex |6}[8]. It relies on the coordinated activity of whole-brain functional
networks [3]. Beyond early visual areas, visual processing engages distributed
sub-networks to interpret stimuli. For instance, the dorsal and ventral attention
networks direct spatial focus and detect salient features during visual tasks [29].
Furthermore, higher-order systems such as the frontoparietal control and default
mode networks provide top-down modulation, integrating external visual inputs
with internal cognitive states [25]. This extensive inter-regional connectivity
indicates that accurate visual decoding requires modeling broad cortical networks
rather than isolating the visual cortex.

In this study, we propose ConnecToMind2, a whole-brain neural decoding
framework designed for anatomically informed image reconstruction. Our main
contributions are as follows: 1) We leverage region-level whole brain activities
within a shared anatomical space, preserving the intrinsic anatomical organization
rather than flattening voxels into unstructured vectors. 2) We introduce a
Connectome-Guided Q-Former that aligns regional fMRI embeddings to the
CLIP embeddings by explicitly incorporating SC as an anatomical prior within
its cross-attention mechanism. 3) Our method promotes subject-invariant brain
embeddings through structurally consistent representations, enabling robust
inter-subject image reconstruction without the need for subject-specific adapter.

2 Method

We propose ConnecToMind2, a framework that decodes visual stimuli from whole-
brain fMRI signals without subject-specific adapter layers. As illustrated in Fig.
the framework consists of three main components. First, the whole-brain regional
embedding module divides the input {MRI signals into distinct brain regions and
extracts regional embeddings. Second the Connectome-Guided Q-Former aligns
these regional fMRI embeddings to the latent space of a pre-trained diffusion
model by utilizing SC as an anatomical prior. Finally, the pre-trained diffusion
model generates the reconstructed images conditioned on the aligned embeddings.

2.1 'Whole-Brain Regional Embedding Module

We develop a whole-brain regional embedding module to capture broad neural
representations that may contribute to visual decoding. We incorporate regions
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Fig. 1: Overview of ConnecToMind2. ConnecToMind2 consists of (a) whole-brain
regional embedding module and (b) Connectome-Guided Q-Former. The output
of the Connectome-Guided Q-Former, along with the features from a low-level
submodule, is subsequently fed to a pre-trained diffusion model for final image
reconstruction.

across multiple functional networks [29], including the visual, dorsal attention,
ventral attention, default mode, frontoparietal control, somatomotor, and limbic
networks. Specifically, we parcellate the cortex into N = 100 regions using the
Schaefer atlas [20].

Given the flattened voxel responses in the i-th region as x; € R4 where d;
denotes the number of voxels in the i-th region, the region-specific embedding
z; € RYX768 is computed as follows:

Z; = O'(XiWi + ei), (1)

where w; € R%*768 i5 a trainable weight matrix, e; € R'*70® is a bias term,
and o is an activation function. The embeddings from all N regions are then
concatenated to form the regional embedding Z = [z, 2o, . . ., zx] € RV*768,

Since each region is processed by an independent projection, the resulting
representations lie in different subspaces. To project these regional embeddings
into a common representational space, we process the concatenated embedding
Z through an autoencoder. The projected regional embedding Z € RV X768 ig
computed as:

Z = fae(Z), (2)

where fag(-) denotes the autoencoder bottleneck network with a hidden dimension
of 128.

2.2 Connectome-Guided Q-Former

In this section, we introduce a Connectome-Guided Q-Former to align the
projected regional embedding 7 into the CLIP representations necessary for
diffusion-based generation. This architecture consists of stacked blocks containing
self-attention, cross-attention, and feed-forward layers. We define a set of IV learn-
able query embeddings q € RV*708 where N equals the number of parcellated
brain regions.
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In the self-attention layers, we concatenate the query tokens q with the
CLIP image embeddings icrip € R?°7X708 to form [q;icrip] € RVH257) %768,
This allows the query tokens to interact directly with the image representations.
Subsequently, in the cross-attention layers, the query tokens interact with the
fMRI embeddings Z. To guide the learnable queries to capture region-specific
representations, we integrate the subject’s SC € RV*Y as an anatomical prior.
By adding this SC prior directly to the attention logits, we bias the network
to assign attention weights based on anatomical connections. This enables the
queries to extract region-level fMRI information. The cross-attention mechanism
is formulated as follows:

-
CrossAttn(q, Z) = softmax (QK
Vi,
where Q = qWg, K = ZWp, and V = ZWy. The matrices W, W, Wy €
R768X768 are trainable linear projections, and dj = 768/h represents the dimen-
sionality of each of the h attention heads.

Following the cross-attention layers, the tokens pass through feed-forward
layers to complete the block operations. After processing through the stacked
blocks, we extract the updated representations corresponding only to the query
positions, discarding the CLIP image portion. The resulting fMRI-aligned queries,
denoted as Qpyrr € RV X768, are linearly projected along the token dimension to
obtain CLIP-aligned fMRI embeddings Quvirr € R257%768 matching the input
shape required by the pre-trained diffusion model.

+ sc) Vv, (3)

2.3 Diffusion-Based Image Generation

We employ a pre-trained Versatile Diffusion (VD) |28] for the final image recon-
struction. To capture both high-level semantic content and low-level perceptual
details, this generation process integrates two distinct inputs: a semantic condition
and an initial latent representation [4].

For the semantic condition, we utilize the CLIP-aligned fMRI embeddings
QfMRI € R?57%768 gohtained from the Connectome-Guided Q-Former. These
embeddings replace the standard CLIP image representations and are fed into
the cross-attention layers of the diffusion model. To preserve low-level spatial
structures, we construct an initial latent representation L € R4*64X64 within
VD latent space. Conceptually, a low-level submodule composed of an MLP
projector and a CNN upsampler transforms the projected regional embedding 7
to formulate this initial latent.

During the image generation process, the initial latent L is noised up to a
predefined timestep. VD then iteratively denoises this latent while being continu-
ously conditioned on the CLIP-aligned fMRI embeddings Qivri, producing the
final reconstructed image.

2.4 Two-Stage Training Strategy

Stage 1: Coarse Alignment and Low-Level Reconstruction In the first
stage, we train the whole-brain regional embedding module, the Connectome-
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Guided Q-Former, and the low-level submodule. The goal is to establish stable
regional embeddings, achieve a coarse alignment with the CLIP image embedding
space, and reconstruct the initial latent.

For the high-level semantic objective, we apply the fMRI-Image-Alignment
(FTA) loss, which minimizes the L2 distance between the L2-normalized fMRI
queries and the CLIP image embeddings:

Lria = | Qevrr — icwe 2. (4)

Simultaneously, the low-level loss supervises the initial latent prediction by
minimizing the L1 distance between the predicted latent L and the target latent
L encoded by the pre-trained VAE Loy = ||L — L||;. The total loss for Stage 1
is defined as:

Lstage1 = Lr1a + M1 Liow, (5)

where A; is scaling hyperparameter.

Stage 2: Fine-Grained Semantic Alignment In the second stage, we focus
on training the Connectome-Guided Q-Former to achieve fine-grained semantic
alignment. During this phase, the whole-brain regional embedding module is
frozen to provide stable input representations. The objective function relies on
fMRI-Image-Contrastive (FIC) and fMRI-Image-Matching (FIM) losses [10].

The FIC loss applies symmetric cross-entropy for contrastive learning. Here,
self-attention is masked to prevent interactions between query tokens and CLIP
image tokens:

1y (si1/7) (s:/7)
CFlcz—fZ 10g%+10g% ’ (6)
2B > j—1exp(sij/T) > j—1exp(sji/T)
where s;; = max)_, cos(qgn)7 i(jI)JIP) is the maximum cosine similarity between
the i-th fMRI and j-th image representations, B is the batch size, and 7 is a

learnable temperature.

The FIM loss performs binary classification to predict if an fMRI-image pair
matches (y = 1) or not (y = 0). For this task, unmasking self-attention allows
bidirectional token interactions. A linear classifier f.;s maps each token to a logit,
and the predictions are averaged:

| M
Ly = CE <M mzz:l Jeis(Qm)s Z/) ; (7)

where M is the number of query tokens (M = 257), @, is the m-th token of
Qevri, and CE is the cross-entropy loss. Following [11], we mine in-batch hard
negatives. The total loss for Stage 2 is:

Lstage2 = Lrivm + A2 Lr1C, (8)

where )5 is a scaling hyperparameter.
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2.5 Implementation Details

We train the proposed framework for 150 epochs on five NVIDIA L40 GPUs
with a total batch size of 100 (20 per GPU), utilizing DDP, DeepSpeed ZeRO-
2 [19], and FP16 mixed precision. The network is optimized using AdamW |[14]
(weight decay 1072) and a OneCycleLR scheduler |23]|. The learning rate peaks at
3 x 10™* for the first 40 epochs, transitioning to a constant 1.2 x 10~ thereafter.
As outlined in Sec. the two-stage training evenly splits at epoch 75. Loss
weights are empirically set to A; = 0.01, Ay = 0.1.

For the Connectome-Guided Q-Former, we comprises 12 transformer with
cross-attention applied at alternating layers. Its self-attention and feed-forward
weights are initialized from a pre-trained CLIP ViT-B/16, while target represen-
tations icpip are extracted via a frozen CLIP ViT-L/14 [18| image encoder.

3 Experiments

3.1 Experimental Setup

Dataset preparation We use the Natural Scenes Dataset (NSD) [1], comprising
high-resolution fMRI data acquired while subjects viewed images sampled from
the COCO dataset |13]. We include four subjects (sub-01, sub-02, sub-05, and
sub-07), each completing 40 sessions with 10,000 unique images presented three
times, yielding 30,000 single-trial beta responses per subject. We train on 9,000
subject-specific images and test on 1,000 shared images, averaging beta responses
across repetitions for evaluation.

Single-trial betas are derived using GLMSingle |17] after several preprocessing
steps. The preprocessing steps include fieldmap correction using FUGUE [9],
registration to MNI152 space [5], and voxel-wise intensity normalization using
training set statistics. Region-level representations are constructed by parcellating
beta responses with Schaefer-100 atlas [20]. For diffusion Magnetic Resonance
Imaging data, we perform several preprocessing steps, including distortion and
motion correction, denoising, Gibbs ringing artifact correction, and registra-
tion |9]. Following preprocessing, we compute the fiber orientation distribution
and perform whole-brain tractography [24] to calculate the SC matrix based on
the Schaefer-100 atlas.

Fuvaluation We evaluate reconstruction quality using both low-level and high-
level metrics under the Brain-Diffuser protocol |16]. We use PCorr and SSIM for
low-level evaluation, alongside the features from the 2nd and 5th convolutional
layers of a pretrained AlexNet. For high-level semantic evaluation, we employ
Inception, CLIP similarity, EfficientNet-B1, and SwAV.

Model compared We compare our method with four state-of-the-art fMRI-to-
image reconstruction models, categorized into intra-subject and inter-subject
baselines: MindEyel [21] and ConnecToMind [2], and two inter-subject baselines:
MindBridge [26] and Umbrae [27]. To ensure a fair comparison, all baseline
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Fig. 2: Qualitative comparison of image reconstructions.

models are trained from scratch utilizing their official implementations and
hyperparameter settings. Note that the inputs for these benchmarks are strictly
restricted to the visual network regions. In contrast, ConnecToMind2 uses whole-
brain regional embeddings in both intra- and inter-subject evaluations.

3.2 Experimental results

fMRI-to-Image Reconstruction We evaluate the fMRI-to-image reconstruc-
tion quality under two experimental paradigms: intra- and inter-subject decoding.
Quantitative and qualitative results are summarized in Table [[|and Fig. 2] respec-
tively. For intra-subject evaluation, separate models are trained and tested for each
subject. Our proposed framework achieves the highest PCorr and SSIM scores,
indicating improved preservation of low-level structural details. Furthermore, it
yields competitive performance across high-level semantic metrics, indicating
that semantic alignment within the CLIP space is well-preserved despite the
broader anatomical input.

Table 1: Quantitative comparison of image reconstruction performance under
intra-subject and inter-subject settings. Results are averaged across subjects.

Regions Model Low-Level High-Level

PCorrt SSIM?T Alex(2)1 Alex(5)1 Incept CLIPt Eff] SwAV]
— Visual MindEyel 0.167 0.290 885% 95.4% 92.0% 91.0% 0.686 0.402
Er Visual ConnecToMind 0.170 0.297 885% 95.9% 93.5% 92.3% 0.666 0.388
® Whole ConnecToMind2 0.278 0.387 87.9% 93.4% 88.1% 89.7% 0.769 0.487
—, Visual MindBridge 0.091 0.214 753% 86.7% 85.2% 80.9% 0.853 0.553
% Visual Umbrae 0.054 0.233 70.7% 85.2% 86.7% 88.2% 0.748 0.482
“ Whole ConnecToMind2 0.263 0.407 86.5% 92.6% 86.8% 87.1% 0.771 0.487
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Fig. 3: Comparison of image reconstructions without low- and high-level regions.

For inter-subject evaluation, a single unified model is trained across all
subjects. ConnecToMind2 outperforms state-of-the-art models on five out of
eight metrics, particularly showing substantial gains in PCorr and SSIM, while
preserving strong semantic consistency across Inception, CLIP, and SwAV metrics.
Qualitative results further demonstrate that the reconstructed images exhibit
similar object structures and semantic content across both intra- and inter-subject
settings (Fig. |2), underscoring the inter-subject generalizability of the proposed
framework.

Ablation on Early Visual and Higher-Order Regions To validate the
distributed characteristics of visual processing, we identify cortical parcels cor-
responding to early visual regions (L) and higher-order regions (H) within the
whole-brain Schaefer atlas . To evaluate their specific contributions, we intro-
duce two ablated variants: ConnecToMind2 (w/o L), which excludes the early
visual areas, and ConnecToMind2 (w/o H), which excludes the higher-order
regions. Quantitative and qualitative results are presented in Table 2] and Fig. [3]
Our results demonstrate a clear functional dissociation. ConnecToMind2 (w/o
L) suffers a significant loss in all low-level metrics, suggesting that whole-brain
regions associated with low-level visual processing play a critical role in preserv-
ing fine-grained spatial details. Conversely, ConnecToMind2 (w/o H) exhibits
a substantial drop in high-level metrics, such as Inception and CLIP similarity,
indicating that distributed higher-order brain regions contribute to semantic and
contextual representations in the reconstructed images.

Table 2: Impact of Early Visual and Higher-Order Regions

Method Low-Level High-Level
PCorrt SSIM?T Alex(2)1 Alex(5)1 Incept CLIPT Eff] SwAV]
ConnecToMind2 0.263 0.407 86.5% 92.6% 86.8% 87.1% 0.771 0.487

ConnecToMind2 (w/o L) 0.175 0.367 79.5% 88.9% 85.7% 86.2% 0.811 0.517
ConnecToMind2 (w/o H) 0.257 0.418 83.5% 90.0% 84.4% 85.8% 0.799 0.511
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4 Conclusion

In this study, we propose ConnecToMind2, a whole-brain neural decoding frame-
work for image reconstruction. ConnecToMind2 introduces a regional embedding
module that preserves the intrinsic anatomical and functional organization of
the entire cortex. Connectome-Guided Q-Former leverages SC as an anatomical
prior to facilitate efficient alignment with the CLIP embedding space. Our results
on the NSD dataset demonstrate that ConnecToMind2 achieves robust perfor-
mance in both intra- and inter-subject reconstruction without subject-specific
adaptation. Furthermore, our ablation analysis validates that regions beyond
the visual network provide essential information for reconstruction. However,
independent validation across different scanning environments and populations
remains a challenge for ensuring the model’s real-world reliability.
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