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SUMMARY:
This protocol presents functional visual-cortical staging and conservative condition fusion to incorporate early, intermediate, and higher visual evidence from single-trial fMRI into image retrieval and diffusion-based image reconstruction.

ABSTRACT:
Reconstructing viewed images from single-trial functional magnetic resonance imaging (fMRI) requires decoding noisy, high-dimensional brain responses into conditioning signals that can be used by image-generation models. However, conventional decoders commonly process all visual-cortical voxels as a single input, which can obscure the complementary contributions of early, intermediate, and higher visual areas. This protocol presents CoSPIR, a functional visual-cortical staging and conservative condition-fusion workflow designed to incorporate stage-specific visual evidence into single-trial fMRI-to-image reconstruction while preserving the inherited whole-voxel condition. For each trial, the workflow processes the beta estimate through two parallel streams: an inherited whole-voxel decoding stream that produces base condition tokens and a stage-specific stream that extracts tokens from Early (V1/V2), Middle (V3/V4), and Higher (higher-vis) regions of interest (ROIs). The base condition guides cross-attention-based selection of stage evidence, while globally learned nonnegative weights and a gated residual integrate the selected evidence without replacing the original whole-voxel condition. The corrected condition tokens support Contrastive Language-Image Pre-training (CLIP)-space retrieval and image reconstruction through a frozen diffusion prior and an unCLIP/Stable Diffusion XL (SDXL) backend. This workflow is designed for visual fMRI datasets with single-trial beta estimates, functional visual-region labels, and pretrained generative-model interfaces, providing a practical route to incorporate functional visual-cortical organization into image-decoding pipelines.

INTRODUCTION:
Visual cortex is not a functionally homogeneous collection of voxels. Human visual cortex exhibits dissociable content preferences, peripheral-field preferences, and task-dependent representational changes1,2. The retinotopic organization of early visual areas and the content selectivity of higher visual areas motivate staging visual evidence by function rather than by anatomical adjacency alone3,4. Encoding and decoding frameworks show that predictive representational models and models that recover stimulus information from brain activity provide complementary analytical perspectives5, and work using hierarchical visual features demonstrates that visual representations can support generic decoding of seen and imagined objects6. Compressing all visual voxels into a single representation at the input of an fMRI image decoder can exploit global information, but it can also obscure the functional source of the evidence. High-dimensional inputs, limited repeated measurements, and measurement noise make this source mixing especially difficult to resolve in single-trial fMRI. Building on this functional heterogeneity, the established retinotopic and functional organization of the visual cortex supports the separation of early, intermediate, and higher visual evidence3,4. Against this background, CoSPIR differs in how such functional evidence is computationally integrated: participant-specific Early, Middle, and Higher representations form a parallel stage-feature stream that conditionally corrects, rather than replaces, the inherited whole-voxel representation. This design preserves distributed global information while making stage-specific contributions explicitly accessible for fusion and analysis, thereby addressing functional source mixing, which is particularly difficult to resolve in noisy, high-dimensional single-trial fMRI.

Visual fMRI decoding has progressed from deep image reconstruction to natural-scene reconstruction coupled to latent diffusion models7–9. Large-scale 7 T datasets and cross-subject training have made high-quality reconstruction from limited data increasingly feasible10,11. Previous studies have further demonstrated hierarchical visual-feature decoding and cross-subject functional alignment6,11,12. These approaches primarily strengthen global decoding or cross-subject correspondence, whereas the functional contributions of Early, Middle, and Higher visual evidence can remain entangled within a unified voxel representation, particularly in high-dimensional, low-signal-to-noise ratio single-trial fMRI. CoSPIR addresses this complementary limitation by retaining the inherited whole-voxel condition as the stable decoding basis and introducing stage-specific evidence through condition-guided attention, globally normalized nonnegative weights, and a gated residual correction. This conservative integration preserves the capabilities of the pretrained decoder while enabling the contribution of each functional stage to be explicitly controlled and examined through ablation and attribution analyses.

This workflow is most appropriate for visual fMRI studies that provide participant-specific single-trial beta estimates, functional visual-region definitions, and an established whole-voxel reconstruction model. It is particularly suited to settings in which functional visual-cortical information is incorporated into an existing generative pipeline while preserving its pretrained decoding condition and frozen reconstruction backend.

Fusion stability presents a second challenge. fMRI inferences are systematically influenced by processing choices, motion confounds, and test-retest stability13, while blood-oxygen-level-dependent signals include vascular and metabolic sources14. Attention-based fusion can model interactions among heterogeneous features15, and latent diffusion provides a frozen, high-resolution generative backend16,17. The overall goal of this method is to incorporate functionally staged visual evidence into single-trial fMRI-to-image reconstruction while preserving the inherited whole-voxel decoding condition. CoSPIR encodes functional visual-region staging as a testable computational constraint: it retains Early, Middle, and Higher evidence, uses the base condition token to select stage evidence, balances stages with global nonnegative weights, and applies a small gated residual correction rather than replacing the inherited whole-voxel condition.

Accordingly, CoSPIR is intended for stimulus-image decoding: single-trial fMRI beta estimates elicited by viewed natural images are transformed into conditioning representations for image retrieval and diffusion-based image synthesis rather than into spatial maps of brain activation.

PROTOCOL:
Publicly available human fMRI datasets were analyzed in this study. The original data collection was approved by the relevant Institutional Review Boards, and written informed consent was obtained from all participants prior to testing. All data were processed and used in strict accordance with the respective data-use agreements and participant privacy protection protocols.

1. Prepare the data, software environment, and pretrained weights

1.1. Obtain the single-trial fMRI beta estimates, corresponding natural-image stimuli, test-image indices, and functional ROI masks from the Natural Scenes Dataset (NSD)10. Verify that the spatial dimensions and voxel ordering of the beta estimates strictly match every ROI mask.

1.2. Use the NSD core public release documented in the NSD Data Manual version 1.5, and analyze Subjects 1, 2, 5, and 7. Load the single-trial betas_fithrf estimates, corresponding to NSD beta version 2, in each participant's native func1pt8mm space.

1.3. For each scanning session, move the trial dimension to the first axis and flatten each beta volume in C-order. Retain voxels within nsdgeneral that have an ncsnr value of at least 0.15.

1.4. Calculate a mean and standard deviation separately for every retained voxel within each session using the non-test trials. Exclude trials containing the shared-1000 images from these normalization statistics, and z-score all trials using the resulting session-specific values.

1.5. Convert the normalized beta estimates to float32, concatenate the sessions in chronological order, and preserve the selected voxel order throughout the workflow. Confirm that this procedure produces 30,000 single-trial rows for each of the four participants.

1.6. Confirm that each source beta volume, nsdgeneral volume, prf-visualrois volume, and ncsnr volume has the same participant-specific func1pt8mm array dimensions and affine matrix before flattening.

1.7. Flatten all volumes in the same C-order and apply one shared ordered voxel-selection vector to the beta estimates and ROI labels. After selection, confirm that the beta array has shape (N, V), contains only finite float32 values, and that every ROI mask is a one-dimensional Boolean vector of length V.

1.8. Proceed only when V equals 15,724 for Subject 1, 14,278 for Subject 2, 13,039 for Subject 5, or 12,682 for Subject 7. If any dimension, affine, voxel count, or test index differs, stop the analysis and regenerate the beta and mask arrays from the same source volumes; do not crop, pad, resample, or infer a replacement voxel order.


1.9. Create a Python environment and install the exact versions of Python, CUDA, PyTorch, WebDataset, h5py, diffusers, transformers, OpenCLIP, scikit-image, and the remaining evaluation dependencies specified in the Table of Materials. Use the same environment for training, inference, ablation, and evaluation.

1.10. Create the environment with pip or conda. Run the reported configuration on 64-bit Linux with an NVIDIA A100 GPU with 80 GB memory and an NVIDIA driver compatible with the CUDA 12.1 runtime. Reserve sufficient local storage for the NSD beta estimates, stimuli, checkpoints, and generated reconstructions.

1.11. Record the software and package versions, CUDA version, and random seeds.

1.12. Set the master seed to 42 before constructing the model or data loader. During test reconstruction, reset the seed to 42 + i, where i is the position of the sorted unique test-image index, and use the same value for the corresponding Full and ablation conditions.

1.13. Use seed 42 for retrieval subsampling during evaluation, and confirm that repeated runs preserve the image-ID order and reproduce the saved output tensors before comparing conditions.

1.14. Prepare the MindEye211 multi-subject pretrained checkpoint, OpenCLIP weights, diffusion prior, unCLIP/SDXL weights, and variational autoencoder weights. Record the path, version, and checksum for each file.

1.15. Obtain the MindEye2 implementation and participant-specific pretrained whole-voxel decoders for Subjects 1, 2, 5, and 7 using the repository revision and model artifacts specified in the Table of Materials.

1.16. Initialize each participant model from the corresponding inherited MindEye2 weights, and prepare the associated pretrained diffusion prior, OpenCLIP ViT-bigG-14 image encoder with LAION-2B weights, frozen unCLIP reconstruction backend, and variational autoencoder.

1.17. Create Early, Middle, and Higher masks for every participant. Merge V1 and V2 into Early, merge V3 and V4 into Middle, and define higher_vis as Higher. The overall functional staging, whole-voxel condition, conservative fusion, retrieval, and reconstruction workflow is shown in Figure 1.

[Place Figure 1 here.]

1.18. Obtain the participant-native general visual-cortex mask, population-receptive-field visual ROI labels, and noise-ceiling signal-to-noise ratio map from the NSD resources specified in the Table of Materials.

1.19. Apply the same eligibility criteria used for the beta estimates by retaining voxels within the general visual-cortex mask with an ncsnr value of at least 0.15, while preserving the participant-specific voxel order established during preprocessing.

1.20. Map bilateral population-receptive-field labels 1 and 2 to V1, labels 3 and 4 to V2, labels 5 and 6 to V3, and label 7 to V4/hV4. Combine V1 and V2 to form the Early stage, combine V3 and V4/hV4 to form the Middle stage, and assign the remaining eligible visual-cortex voxels to the Higher stage.

1.21. Exclude voxels outside the whole-voxel eligibility mask and verify that the Early, Middle, and Higher masks are mutually exclusive and collectively cover the complete whole-voxel input before continuing.

1.22. Confirm that Subject 1 contains 15,724 whole-input voxels, including 2,783 Early, 1,874 Middle, and 11,067 Higher voxels. Confirm that Subject 2 contains 14,278 whole-input voxels, including 2,177 Early, 1,580 Middle, and 10,521 Higher voxels.

1.23. Confirm that Subject 5 contains 13,039 whole-input voxels, including 2,194 Early, 1,467 Middle, and 9,378 Higher voxels. Confirm that Subject 7 contains 12,682 whole-input voxels, including 2,128 Early, 1,123 Middle, and 9,431 Higher voxels.

1.24. Proceed only when the whole-input count and all three nonzero stage counts match these values. If any stage contains no eligible voxels, do not create a zero-width projector or substitute another ROI; exclude that participant from stage-fusion analysis and report the exclusion.

2. Construct the functional stage-feature stream

2.1. Define the single-trial beta estimate as , where  is the number of input voxels. Define  as the ROI mask for stage , corresponding to Early, Middle, and Higher, respectively, and define  as the multilayer perceptron (MLP) encoder for stage s. Calculate the initial stage token as follows:



2.2. Add the stage-identity embedding  to each of the three tokens. Apply the shallow stage encoder  to obtain jointly encoded stage tokens as follows:



NOTE: The operator  retains the stage labels at the three token positions while allowing contextual exchange among stages at the token level. Do not interpret this operation as directed physiological connectivity between cortical regions.

2.3. Construct an independent multilayer perceptron (MLP) for each cortical stage. Map the stage-specific voxel vector of dimension  to 128 hidden units, apply a Gaussian error linear unit (GELU) activation, project the result to 256 dimensions, and apply layer normalization.

2.4. Use input dimensions of 2,783, 1,874, and 11,067 for the Early, Middle, and Higher encoders, respectively, for Subject 1; 2,177, 1,580, and 10,521 for Subject 2; 2,194, 1,467, and 9,378 for Subject 5; and 2,128, 1,123, and 9,431 for Subject 7.

2.5. Include a bias term in both fully connected layers and use learnable scale and shift parameters and a numerical-stability constant of  for layer normalization. Produce one 256-dimensional token for each stage without applying dropout, input normalization, or additional output scaling within the MLP.

2.6. Stack the three 256-dimensional stage tokens in the fixed order Early, Middle, and Higher, and process them using a single-layer Transformer encoder implemented in PyTorch. Set the model dimension to 256, use four self-attention heads and a 512-dimensional feed-forward sublayer, and apply GELU activation and a dropout rate of 0.1.

2.7. Apply layer normalization before the self-attention and feed-forward operations, using a numerical-stability constant of  and learnable bias terms. Process samples along the batch dimension, and apply neither attention masking, causal masking, nor an additional normalization layer after the encoder.

2.8. Initialize the attention, feed-forward, and normalization parameters using the default initialization scheme in PyTorch 2.4.0 with a random seed of 42.

2.9. Create one learnable 256-dimensional identity vector for each of the three cortical stages, yielding an embedding matrix of dimensions . Initialize each element independently from a normal distribution with a mean of zero and a standard deviation of 0.02, using a random seed of 42.

2.10. Add the corresponding identity vector to each stage token before applying the shallow stage encoder. Optimize the embeddings jointly with the other CoSPIR parameters without a separate learning rate, regularization term, or pretraining objective.

2.11. Partition each single-trial beta estimate into Early, Middle, and Higher inputs using the corresponding ROI masks. Do not impose or depict a directed V1→V2→V3→V4 causal sequence.

2.12. Use the session-standardized float32 beta estimates prepared in Steps 1.2–1.5. Apply the Early, Middle, and Higher Boolean masks, remove only a redundant singleton batch dimension, and pass each resulting batch-by-stage-voxel matrix directly to its corresponding MLP encoder.

2.13. Do not otherwise alter voxel values. Verify that all values are finite and that each mask length matches the whole-voxel input dimension.

2.14. Pass each stage input through its stage-specific MLP encoder to produce one low-dimensional cortical token.

2.15. Initialize the stage-specific MLP encoders with the default PyTorch 2.4.0 initialization; initialize the layer-normalization scale and shift parameters to 1 and 0, respectively.

2.16. Train all trainable CoSPIR and inherited-decoding parameters jointly for 150 epochs using AdamW (maximum learning rate, ; weight decay, ), a one-cycle schedule, mixed-precision computation, and global gradient-norm clipping at 1.0.

2.17. During validation, reconstruction, ablation, and interpretability analysis, use the learned participant-specific CoSPIR parameters in evaluation mode without gradient calculation.

2.18. Add the learnable stage-identity embeddings to the three tokens and pass them through the shallow stage encoder to obtain jointly encoded, stage-aware cortical tokens.

2.19. Train the Transformer stage encoder and stage-identity embeddings jointly using the initialization and optimization settings specified in Steps 2.6–2.10 and 2.15–2.16. During validation, reconstruction, ablation, and interpretability analysis, use their learned participant-specific parameters in evaluation mode.

2.20. Save the stage tokens, stage-attention values, and global stage weights for every test sample for subsequent interpretability analyses.

2.21. Average the stage tokens and attention values across the three repetitions of each test image and serialize the resulting representations in PyTorch format using the fields image_ids, stage_tokens, attention, and precision.

2.22. For the 1,000-image Subject 1 test set, store the image identifiers as a 64-bit integer vector, the stage tokens as a  half-precision tensor, the attention values as a  half-precision tensor, and the global stage weights as a three-element single-precision vector.

2.23. Align all sample-wise tensors by image identifier and preserve the Early–Middle–Higher ordering along the stage dimension.

3. Construct the whole-voxel condition stream

3.1. Define  as the ridge projection,  as the inherited residual MLP backbone, and  as the linear tokenization operation. Calculate the base condition as follows:



3.2. Set  as the number of condition tokens and  as the dimensionality of each condition token. Retain , the inherited whole-voxel decoding condition, through the bypass to the final residual-addition node.

3.3. Construct a participant-specific affine whole-voxel projection, mapping 15,724 input voxels to 1,024 features for Subject 1 and 14,278, 13,039, and 12,682 input voxels to 4,096 features for Subjects 2, 5, and 7, respectively.

3.4. Initialize this projection using the default PyTorch 2.4.0 initialization and train it jointly with CoSPIR using the optimization settings in Step 2.16 and the 750 records in each participant’s first-session training archive. Do not use the test archive for fitting.

3.5. Optimize the CLIP contrastive, diffusion-prior (weight, 30), blurry-reconstruction (weight, 0.5), and ROI-diversity (weight, 0.01) losses. Here, ridge projection denotes this participant-specific linear mapping regularized by AdamW weight decay rather than a separate closed-form ridge fit.

3.6. Feed the unmasked whole-voxel beta estimate into the ridge projection.

3.7. Use the session-standardized float32 beta estimates prepared in Steps 1.2–1.5, preserving their established voxel order. Remove only a redundant singleton batch dimension and pass the resulting batch-by-voxel matrix directly to the whole-voxel projection.

3.8. Do not otherwise alter the input. Verify that all values are finite and that the participant-specific input dimension matches that specified in Step 3.3.

3.9. Process the ridge-projected features using the inherited residual MLP backbone.

3.10. Configure the inherited MindEye2 backbone with one sequence position and four residual MLP-Mixer blocks. In each block, apply pre-layer normalization followed by feature-mixing and sequence-mixing two-layer MLP sublayers, using width-preserving linear transformations, GELU activation, a dropout rate of 0.15, and residual connections.

3.11. Enable bias in all linear layers, set the layer-normalization constant to , and omit final normalization after the fourth block.

3.12. Initialize the backbone from the participant-specific MindEye2 checkpoint specified in Step 1.15 and verify strict correspondence between the checkpoint and model parameters.

3.13. Include all inherited residual-backbone parameters in the joint optimization specified in Step 2.16. During validation, reconstruction, and interpretability analysis, load the learned participant-specific CoSPIR checkpoint and use the backbone in evaluation mode.

3.14. Apply linear tokenization to generate the base condition tokens. Use this stream as the base condition for retrieval and generation, and retain its residual bypass.

3.15. Flatten the residual-backbone output according to the participant-specific MindEye2 configuration and apply a biased affine projection to produce 425,984 values.

3.16. Reshape these values directly into 256 condition tokens of 1,664 features without additional activation, normalization, scaling, or dropout.

3.17. Initialize the projection from the corresponding MindEye2 checkpoint and verify its dimensional compatibility with the backbone output. Optimize it jointly with the trainable CoSPIR components; during inference, retain the learned parameters without further updates.

3.18. Retain the  base condition after tokenization and use it both to generate the attention queries and as the residual bypass.

3.19. Project the aggregated stage evidence to the same token-feature space, scale it by the learned gate , and add it elementwise to the unchanged base condition.

3.20. Before addition, verify that both tensors have identical batch, token, and feature dimensions and contain only finite values. Terminate execution if these conditions are not satisfied rather than forcing compatibility through broadcasting, truncation, padding, or reshaping.

4. Perform conservative CoSPIR condition fusion

4.1. Apply separate linear projections to the base condition and the stage-aware cortical tokens as follows:


Set  and .

4.2. Calculate condition-guided cross-attention as follows:



4.3. Define  as three globally learned parameters and calculate the global nonnegative stage weights as follows:



4.4. Reweight the token-specific attention values with the global stage weights and renormalize them along the stage dimension as follows:



4.5. Calculate the stage residual and final corrected condition tokens as follows:



Use  to map the stage values to  dimensions, use  as a single learnable gating scalar, and use  as the sigmoid function. 

NOTE: Interpret  as globally learned fusion parameters rather than as neural reliability measured directly from repeated beta estimates.

4.6. Set  to 1,664 → 256,  and  to 256 → 256, and  to 256 → 1,664. Use bias-free linear projections initialized with Kaiming-uniform initialization (negative-slope parameter ) under seed 42.

4.7. Train all four projections jointly with CoSPIR and fix their learned participant-specific parameters during inference.

4.8. Initialize the three learnable stage-weight logits to zero, yielding equal initial weights of 1/3 after softmax normalization. Initialize the learnable gating scalar to −3.0, corresponding to an initial sigmoid gate of approximately 0.0474.

4.9. Train both parameter sets jointly with CoSPIR without separate pretraining.

4.10. Input the base condition tokens and stage-aware cortical tokens into the condition-guided cross-attention module. Use the base condition to select the stage evidence needed by each condition token.

4.11. Implement condition-guided fusion as single-head scaled dot-product cross-attention using 256-dimensional condition queries and three 256-dimensional stage keys and values. Scale the query–key products by  and apply softmax across the three stages.

4.12. Apply no attention dropout, masking, causal constraint, or additional normalization. The four-head setting in Step 2.6 applies only to the shallow stage encoder.

4.13. Balance the Early, Middle, and Higher evidence using the three globally learned, nonnegative, normalized stage weights.

NOTE: Do not interpret these weights as measured neural reliability.

4.14. Estimate one set of three global stage weights independently for each participant; do not share these parameters across participants. Apply the same weights to all samples and condition-token positions for that participant.

4.15. Constrain the weights to be positive and sum to one by softmax normalization. Combine them multiplicatively with the token-specific attention and renormalize across stages before aggregation.

4.16. Aggregate the selected and balanced stage evidence and map the aggregate to the condition-token dimensionality.

4.17. Project each stage value from 256 to 1,664 dimensions using  and compute its weighted sum across the three stages using the globally reweighted attention coefficients and a minimum normalization denominator of .

4.18. Apply no activation, normalization, clipping, or dropout to the projected or aggregated evidence. Multiply the resulting correction by the sigmoid gate and add it elementwise to the unchanged base condition.

4.19. Add the stage correction to the base condition using the gated residual to obtain the corrected condition tokens. Preserve the original  so that the stage stream corrects rather than replaces the inherited whole-voxel decoder.

4.20. Train the fusion module jointly with the other trainable CoSPIR components using the optimization settings in Step 2.16 and the objective specified in Step 3.5.

4.21. Keep the target OpenCLIP encoder and variational autoencoder frozen and exclude the unCLIP/SDXL backend from training. Use the learned participant-specific parameters in evaluation mode for inference.

5. Run retrieval and image reconstruction

5.1. Send the corrected condition tokens to the CLIP projection to generate predicted representations for image retrieval and brain retrieval.

5.2. Project each corrected 1,664-dimensional condition token through three successive 1,664 → 1,664 fully connected layers, each preceded by layer normalization and GELU activation. Use bias in all linear layers, a layer-normalization constant of , and no dropout.

5.3. Preserve the  output dimensions and apply no output normalization within the projector. Flatten and L2-normalize the output only when computing retrieval similarity.

5.4. Initialize the projector from the participant-specific MindEye2 checkpoint, update it jointly during CoSPIR training, and fix it during inference.

5.5. Average the projected brain representations across the three beta repetitions of each test image, and obtain the corresponding  image-token representations from the frozen OpenCLIP encoder.

5.6. For each of 30 repetitions, sample 300 matched image–brain pairs without replacement from the 1,000-image test set using evaluation seed 42. Flatten and L2-normalize both representations, and rank candidates by cosine similarity.

5.7. Define image retrieval as selecting the correct image from 300 candidates for each brain query and brain retrieval as selecting the correct brain representation for each image query. Report the mean top-1 accuracy across the 30 candidate sets.

5.8. Send the corrected condition tokens to the frozen diffusion prior.

5.9. Use a six-layer, noncausal Transformer diffusion prior with token width 1,664, 32 attention heads of dimension 52, a feed-forward expansion factor of 4, 256 learned positional embeddings, and no attention or feed-forward dropout.

5.10. Average the corrected condition tokens across the three beta repetitions and supply the resulting  array directly as the conditioning embedding, without text encodings.

5.11. Generate one prior output of the same dimensions by subsampling the 100-step noise schedule with 20-step DDIM inference, conditioning scale 1.0, automatic half-precision computation, and the participant-specific CoSPIR checkpoint.

5.12. Send the diffusion-prior output to the frozen unCLIP/SDXL image-generation backend to generate image reconstructions.

5.13. Use the diffusion-prior configuration specified in Steps 5.9–5.11. Average the corrected condition tokens across the three beta repetitions and use the resulting  array as the conditioning embedding to generate the prior output with the participant-specific CoSPIR checkpoint.

5.14. Fix the random seed for each test image. Use identical diffusion initial randomness for the Full condition and every ablation condition.

5.15. Sort the unique test-image identifiers and assign seed  to the image at zero-based position . Reset the Python, NumPy, PyTorch CPU, and CUDA random generators immediately before diffusion-prior sampling, and enable deterministic cuDNN execution.

5.16. Use the same seed to control both prior sampling and unCLIP latent generation. Preserve the image order and use the identical seed for the corresponding Full and ablation reconstructions.

5.17. Do not pause reconstruction after producing corrected condition tokens or diffusion-prior outputs because the current workflow does not save the complete intermediate tensors and random-generator states required for a validated continuation.

5.18. Treat the participant-specific CoSPIR checkpoint and ordered test-image identifiers as the only validated restart point. Rerun inference from the beginning using the seed rule specified in Steps 5.15–5.16.

5.19. Save the final diffusion reconstructions, blurry reconstructions, and projected CLIP representations only after all test images have been processed.

6. Evaluate representative performance

6.1. Calculate PixCorr, SSIM, AlexNet(2), AlexNet(5), Inception, CLIP, EfficientNet, SwAV, image retrieval, brain retrieval, and regional brain correlation across the complete test set.

6.2. Calculate the metrics using NumPy/SciPy, scikit-image, Torchvision, OpenAI CLIP, and TorchMetrics.

6.3. Define PixCorr as the mean image-wise Pearson correlation of RGB pixels and SSIM as the mean grayscale structural similarity with an intensity range of 1.

6.4. Calculate two-way identification from Pearson correlations of features extracted after the second and fifth AlexNet convolutional layers, the final Inception-v3 average-pooling layer, and the CLIP ViT-L/14 image encoder.

6.5. Calculate EfficientNet-B1 and SwAV from the correlation distance between final average-pooled features, for which lower values indicate better performance.

6.6. Calculate retrieval as specified in Steps 5.5–5.7. For regional brain correlation, predict voxel responses using the pretrained GNet encoder, correlate the predicted and measured responses across 1,000 images, and average within each ROI and across all retained voxels.

6.7. Evaluate the same 1,000 NSD shared test images for Subjects 1, 2, 5, and 7, comprising three beta measurements per image and 3,000 measurements per participant.

6.8. Order the images by their unique identifiers and average the three decoded representations before evaluation. Average the beta measurements directly only for regional brain correlation.

6.9. Include all images without quality-based exclusion. Stop the analysis if any identifier, beta measurement, ground-truth image, or reconstruction is missing.

6.10. Apply identical test images, image dimensions, post-processing procedures, metric definitions, and diffusion settings to the CoSPIR Full and ablation conditions. Treat comparisons with MindEye2 and MindAligner as literature-reported benchmark comparisons, as specified in Step 6.15.

6.11. Represent all images as RGB floating-point values in [0,1], resize them to , and combine the diffusion and blurry outputs using weights of 0.75 and 0.25.

6.12. Resize the images without cropping to  for PixCorr and SSIM,  for AlexNet,  for Inception-v3,  for CLIP and SwAV, and  for EfficientNet-B1.

6.13. Use ImageNet normalization for AlexNet, Inception-v3, EfficientNet-B1, and SwAV; use CLIP normalization for CLIP; and apply no color normalization for PixCorr or SSIM.

6.14. For brain correlation, resize RGB images to  using Lanczos interpolation.

6.15. Use the published participant-wise MindEye2 and MindAligner values; do not present them as local reruns. Restrict comparison to the common NSD shared-1,000-image set and identically named metrics while retaining each study's original preprocessing and evaluation pipeline.

6.16. Label these values as literature-reported and use them only for descriptive comparison, not for paired statistical testing.

6.17. Write the participant-level and across-participant mean results to separate results tables.

6.18. Calculate each across-participant result as the unweighted arithmetic mean for Subjects 1, 2, 5, and 7, each of whom contributes 1,000 images.

6.19. Do not impute missing values or calculate an available-case mean. Report an aggregate only when all four participant-level results are available.

6.20. Report each stage-fusion ablation effect as the complete-test-set difference relative to the Full condition using identical image-specific diffusion seeds.

6.21. Treat these differences as descriptive point estimates without paired bootstrap confidence intervals or inferential comparisons among ablation conditions.

6.22. For the stage-wise attribution and target-ROI enrichment analyses, analyze 250 ordered Subject 1 test images after averaging the three beta measurements.

6.23. Calculate Integrated Gradients18 from a zero baseline with 16 integration steps, use absolute voxel attribution, and normalize each stage by its mean across all visual ROIs.

6.24. Define target-ROI enrichment for the expected mappings Early→V1/V2, Middle→V3/V4, and Higher→higher-vis. Calculate 95% percentile intervals from 10,000 image-level bootstrap samples and one-sided p values from 5,000 size-matched spatial-label permutations using seed 42.

6.25. For the representational similarity analysis, construct cosine-distance matrices from stage tokens and from VAE, DINOv2-base, and OpenCLIP image representations for all 1,000 images.

6.26. Calculate Spearman correlations between upper-triangular distances, obtain two-sided p values from 1,000 image-label permutations, and apply Benjamini–Hochberg correction across the nine comparisons.

REPRESENTATIVE RESULTS:
Quantitative performance
CoSPIR was evaluated against MindEye211 and MindAligner12 in four independent participants (Subj1, Subj2, Subj5, and Subj7). Across the evaluated metrics, CoSPIR showed higher performance than one or both comparison methods for several intermediate- and high-level visual-feature and retrieval measures, while PixCorr and SSIM were comparable to or lower than the corresponding baseline values (Table 1).

[Place Table 1 here.]

For Inception, CoSPIR yielded values of 84.77% in Subj1, 84.13% in Subj2, 85.22% in Subj5, and 77.54% in Subj7. The corresponding values were higher than those of both comparison methods in Subj1, Subj2, and Subj5, but not in Subj7. For AlexNet(2), CoSPIR yielded 88.68% in Subj1 and 81.53% in Subj7; for CLIP, the highest CoSPIR value among the four participants was 82.13% in Subj5. These results indicate differences among methods in feature-based reconstruction metrics without establishing a causal effect of functional source separation.

For image retrieval, CoSPIR yielded 94.04% in Subj1, 93.38% in Subj2, 69.67% in Subj5, and 67.81% in Subj7. CoSPIR exceeded both comparison methods in Subj1, Subj2, and Subj7, whereas MindAligner yielded the highest value in Subj5. For brain retrieval, CoSPIR increased from the MindEye2 value of 77.63% to 88.36% in Subj1 and from 67.18% to 81.24% in Subj2. In Subj5 and Subj7, MindAligner yielded higher brain-retrieval values than CoSPIR. Thus, the retrieval results varied across participants and metrics rather than showing uniform superiority across all comparisons.

For the low-level pixel-wise metrics, CoSPIR yielded PixCorr values of 0.220, 0.200, 0.182, and 0.179 and SSIM values of 0.350, 0.358, 0.345, and 0.342 in Subj1, Subj2, Subj5, and Subj7, respectively. These values were generally comparable to or lower than those obtained with MindEye2 and MindAligner, providing representative examples of metrics for which the proposed workflow did not improve over the comparison methods.

Qualitative reconstruction quality
Figures 2 and 3 present stronger and weaker qualitative outputs, respectively, from the image-reconstruction branch of the CoSPIR workflow shown in Figure 1. In the stronger examples, the reconstructions generally preserved aspects of large-scale scene layout, including horizons, sky-ground boundaries, water surfaces, runways, and, in some images, approximate category and color cues of the principal object (Figure 2). Global compositions involving ocean scenes, airport scenes, open environments, and flying objects were often retained, although precise object identity and local texture could differ from the corresponding ground-truth images.

[Place Figure 2 here.]

The weaker examples included multi-object compositions, complex indoor arrangements, fine-grained animal appearance, and semantically dense scenes (Figure 3). These reconstructions showed object substitution, local structural displacement, color or material deviations, and semantic mismatches. Together, the stronger and weaker examples illustrate the range of qualitative outcomes obtained with the workflow, from preservation of broad scene structure to substantial errors in complex compositional and fine-grained semantic content.

[Place Figure 3 here.]

Stage-fusion ablation
Fixed-seed, drop-only stage-fusion ablations were performed using the frozen CoSPIR model for Subject 1 across the complete test set to characterize metric changes after removing individual functional-stage branches (Table 2). Removing the Early (V1/V2) stage decreased PixCorr by 0.0122 and SSIM by 0.0184, representing the largest reductions in these two metrics among the three stage-removal conditions. Image retrieval and brain retrieval decreased by 0.88 and 0.85 percentage points, respectively.

[Place Table 2 here.]

Removing the Middle (V3/V4) stage produced decreases of 1.74 percentage points in AlexNet(2), 1.18 percentage points in AlexNet(5), and 1.81 percentage points in Inception. These were the largest reductions among the three ablation conditions for the reported AlexNet and Inception measures.

Removing the Higher (higher-vis) stage decreased PixCorr by 0.0021 and SSIM by 0.0027, while CLIP, image retrieval, and brain retrieval decreased by 2.22, 3.33, and 3.50 percentage points, respectively. The latter three values were the largest numerical decreases observed for these measures. Paired bootstrap confidence intervals were not calculated; accordingly, the reported complete-test-set differences are descriptive point estimates rather than inferential comparisons among the ablation conditions. The results characterize metric-specific changes within the frozen model and do not establish neural causality or cortical information flow.

Functional-stage spatial specificity
The stage-to-ROI mappings evaluated in Figures 4 and 5 were defined a priori based on established descriptions of human visual-cortical organization3,4. Voxel-wise attribution analysis using Integrated Gradients18 was performed on 250 test images from Subject 1, with the three repeated beta measurements averaged for each image before attribution calculation. For each image and stage, the absolute voxel attributions were normalized by their mean across the union of V1, V2, V3, V4, and higher-vis voxels and were subsequently averaged within each ROI and across images. Under this normalization, a value of 1 represents the stage-specific mean attribution across the complete visual-ROI union, and the values within a row are therefore not expected to sum to 1. The Early fusion residual showed its highest normalized attribution in V1/V2, the Middle residual in V3/V4, and the Higher residual in higher-vis (Figure 4). The heatmap describes the relative spatial concentration of attribution within each stage and does not support direct comparison of absolute attribution magnitude across stages.

[Place Figure 4 here.]

Target-ROI enrichment was evaluated using the same 250 Subject 1 test images. Two-sided 95% percentile confidence intervals were estimated from 10,000 image-level bootstrap replicates. Spatial null distributions were generated from 5,000 random visual-voxel sets matched to the voxel count of each target ROI, and one-sided permutation p values were calculated with a plus-one correction. Enrichment was 3.55 for Early→V1/V2 (95% CI, 3.42–3.68; p = 0.0002), 3.30 for Middle→V3/V4 (95% CI, 3.15–3.45; p = 0.0002), and 1.22 for Higher→higher-vis (95% CI, 1.15–1.29; p = 0.0002) (Figure 5). All three confidence intervals exceeded the uniform-attribution expectation of 1.0.

[Place Figure 5 here.]

Representational similarity analysis was performed using all 1,000 test images. Representational dissimilarity matrices were constructed using cosine distance, and Spearman correlations were calculated between their upper-triangular elements. Statistical significance was assessed using 1,000 two-sided image-label permutations with a plus-one correction, followed by Benjamini–Hochberg correction across the nine cells of the 3 × 3 matrix. The Early token was most strongly correlated with VAE representations (), compared with DINO () and CLIP (). The Middle token was most strongly correlated with DINO (), compared with VAE () and CLIP (). The Higher token was most strongly correlated with CLIP (), compared with VAE () and DINO (). The diagonal correlations were numerically largest within their respective rows, and all nine associations had q < 0.01 after Benjamini–Hochberg correction.

[Place Figure 6 here.]

FIGURE AND TABLE LEGENDS:
Figure 1. Functional visual-cortical staging and conservative condition fusion for single-trial functional magnetic resonance imaging-to-image reconstruction. A single-trial functional magnetic resonance imaging (fMRI) beta estimate enters a functional stage-feature stream and an inherited whole-voxel condition stream in parallel. The stage stream constructs Early, Middle, and Higher tokens from V1/V2, V3/V4, and higher-vis regions of interest (ROIs), respectively, using multilayer perceptron (MLP) encoders, stage-identity embeddings, and a shallow stage encoder. The whole-voxel stream generates base condition tokens through ridge projection, a residual MLP backbone, and linear tokenization. Condition-guided cross-attention, globally learned nonnegative stage weights, and a gated residual generate corrected condition tokens for Contrastive Language-Image Pre-training (CLIP)-space image/brain retrieval and image reconstruction through a frozen diffusion prior and unCLIP/Stable Diffusion XL (SDXL) backend. The schematic represents a computational workflow and does not represent population-receptive-field coordinates, directed anatomical connectivity, or causal cortical information flow.

Figure 2. Stronger qualitative image reconstruction examples. Seven representative examples are shown in their original left-to-right order, with ground-truth (GT) images in the top row and CoSPIR reconstructions in the bottom row. Sample identifiers above the columns indicate the matched test images. The examples retain aspects of global layout and broadly consistent semantic content.

Figure 3. Weaker qualitative image reconstruction examples. Seven representative examples are shown, with ground-truth (GT) images in the top row and CoSPIR reconstructions in the bottom row. Sample identifiers above the columns indicate the matched test images. The examples illustrate errors in semantic content, object representation, scene structure, color, or fine detail.

Figure 4. Stage-wise region-of-interest attribution distribution in CoSPIR fusion. The heatmap shows within-stage-normalized absolute Integrated Gradients attributions for the Early, Middle, and Higher fusion residuals across V1, V2, V3, V4, and higher-vis, calculated from 250 Subject 1 test images after averaging the three beta measurements. For each image and stage, attributions were normalized by their mean across all five visual ROIs before averaging across images; a value of 1 denotes the stage-specific mean. Values describe relative within-stage spatial concentration and are not comparable as absolute magnitudes across stages.

Figure 5. Statistical enrichment of theoretical stage-to-region-of-interest mappings. Target-ROI enrichment was evaluated in 250 Subject 1 test images: Early→V1/V2, 3.55 (95% CI, 3.42–3.68; p = 0.0002); Middle→V3/V4, 3.30 (95% CI, 3.15–3.45; p = 0.0002); and Higher→higher-vis, 1.22 (95% CI, 1.15–1.29; p = 0.0002). The dashed line denotes the uniform-attribution expectation of 1.0; error bars are two-sided 95% percentile confidence intervals from 10,000 image-level bootstrap samples, and p values were obtained from 5,000 one-sided spatial-label permutations.

Figure 6. Correspondence between cortical-stage tokens and image-representation levels. Representational similarity analysis was performed for Early, Middle, and Higher tokens and VAE, DINOv2-base (DINO), and OpenCLIP (CLIP) image representations using all 1,000 Subject 1 test images. Each cell shows the Spearman correlation between cosine-distance representational dissimilarity matrices; all nine comparisons had adjusted q values < 0.01 after 1,000 image-label permutations and Benjamini–Hochberg correction across the nine comparisons.

Table 1. Quantitative comparison of fMRI-to-image decoding methods. CoSPIR is compared with participant-wise MindEye2 and MindAligner results for Subjects 1, 2, 5, and 7 on the Natural Scenes Dataset shared-1,000-image benchmark. Baseline values were reported in the original publications and were not re-evaluated using the CoSPIR pipeline; comparisons are therefore descriptive. Metric definitions and preferred directions are indicated in the column headings.

Table 2. Quantitative effects of fixed-seed stage-fusion ablation in Subject 1. Complete-test-set performance is shown for the Full condition and after removal of the Early (V1/V2), Middle (V3/V4), or Higher (higher-vis) stage. Parenthetical values are descriptive differences from Full; identical image-specific diffusion seeds were used in all conditions. Paired bootstrap confidence intervals and inferential comparisons were not calculated.

DISCUSSION:
The primary advantage of the proposed framework lies in its stage-wise functional correction paradigm, which preserves the provenance of signals from distinct cortical visual stages before passing the resulting representations to an established whole-voxel generative interface. This design is motivated by the functional organization of the human visual cortex, including the retinotopic organization of early visual areas and the content selectivity of higher visual areas3,4, and by previous work demonstrating that hierarchical visual features can support decoding of visual information from brain activity6. Rather than training a complex end-to-end generator from scratch, CoSPIR functions as a modular alignment layer that reduces functional source mixing while retaining the generative capabilities of the inherited whole-voxel decoder. This approach complements previous fMRI-to-image reconstruction methods based on deep image reconstruction, latent diffusion, and pretrained decoding frameworks7–9,11. The conservative correction strategy retains the original whole-voxel condition through the residual bypass while introducing stage-specific evidence through condition-guided fusion. The quantitative and qualitative results indicate that the resulting changes are metric dependent: improvements were observed for several feature-based and retrieval measures, whereas PixCorr and SSIM were comparable to or lower than those of the comparison methods. Therefore, the principal significance of the method is the explicit incorporation of functional visual-cortical staging into an existing reconstruction pipeline rather than uniform improvement across all reconstruction metrics. Accordingly, the workflow integrates functional visual-cortical staging, conservative condition fusion, and single-trial fMRI-to-image reconstruction within an inherited pretrained decoder, extending existing whole-voxel decoding and functional-alignment frameworks11,12.

Several steps are critical for successful implementation of the protocol. The single-trial beta estimates must remain spatially and voxel-wise aligned with the functional ROI masks because the Early, Middle, and Higher streams depend directly on the correct assignment of V1/V2, V3/V4, and higher-vis voxels. The whole-voxel condition must also be retained through the residual bypass so that the stage-feature stream corrects rather than replaces the inherited decoding condition. During conservative fusion, the stage-specific tokens, condition-guided cross-attention, globally learned nonnegative stage weights, and gated residual must be implemented consistently with the specified formulation. Finally, retrieval, reconstruction, and ablation comparisons require consistent test images, post-processing, metric definitions, and diffusion randomness to permit interpretable comparisons among conditions. When alignment or voxel-count inconsistencies were detected, the ROI masks were regenerated in the participant’s native functional space using the same whole-voxel selection, and the stage masks were verified for mutual exclusivity and complete coverage. Fixed-seed inconsistencies were addressed by verifying evaluation mode, seed initialization, checkpoint identity, and deterministic-execution settings. These considerations are particularly important for single-trial fMRI, for which high dimensionality, measurement noise, processing choices, and signal stability can affect downstream inference13, while BOLD measurements can reflect both vascular and metabolic contributions14.

The method can be modified at the level of functional staging while preserving its overall computational organization. The present implementation aggregates V1/V2 into Early, V3/V4 into Middle, and higher-vis into Higher, thereby providing a relatively compact functional partition. Finer-grained functional or anatomical partitions could be evaluated when the available dataset provides sufficiently resolved ROI definitions, whereas the current three-stage configuration provides the staging used for the reported workflow. The modular design also allows the stage correction to operate with an inherited pretrained reconstruction interface rather than requiring replacement of the complete generative backend, which is relevant in the context of existing latent-diffusion reconstruction approaches7,9,16,17. Attention-guided diagnostic approaches have also been developed for examining Stable Diffusion inference19. No alternative ROI partitions, fusion settings, or reconstruction settings were evaluated in this study; these configurations therefore remain directions for future validation. This distinction is important because modifications not evaluated in the present study should not be presented as validated alternatives.

Several methodological limitations warrant consideration. First, the functional ROI partitioning scheme, which aggregates V1/V2, V3/V4, and higher visual areas, represents a simplified hierarchical abstraction of the visual cortex. It does not capture fine-grained retinotopic topography, dorsal and ventral stream distinctions, or directional neural connectivity; established descriptions of human visual-cortical organization demonstrate substantially richer retinotopic and functional organization3,4. Accordingly, the stage-feature stream should be interpreted as a computational organization of functionally defined evidence rather than a model of directed physiological information flow. Second, the learned stage weights function as data-driven optimization parameters rather than direct biological estimates of neural signal reliability across measurements, particularly given the known sensitivity of fMRI measurements and analyses to processing and physiological factors13,14. Third, although computational feature spaces such as CLIP and VAE latent representations provide useful representations for reconstruction and comparison, they remain computational proxies rather than exact biological equivalents of human visual processing6,11. The stage-wise attribution, ablation, and RSA findings should therefore be interpreted as model-internal evidence rather than demonstrations of neural causality. Evaluation was limited to Natural Scenes Dataset10 Subjects 1, 2, 5, and 7 using participant-specific functional ROIs and model fitting; generalizability to other participants, datasets, scanners, and acquisition settings therefore remains to be established.

Within these limitations, the workflow provides a modular approach for visual brain-decoding frameworks that use single-trial fMRI beta estimates and functional ROI definitions. Its significance relative to existing visual-decoding and functional-alignment approaches11,12 lies in retaining an inherited whole-voxel condition while explicitly organizing additional evidence according to functional visual stages, rather than treating the stage stream as a replacement decoder. This organization is relevant to the broader distinction between encoding and decoding approaches in fMRI⁵ and to prior work showing that hierarchical visual representations contain decodable stimulus information6. The method is particularly applicable to pipelines in which functional visual-region definitions and pretrained generative interfaces are already available and researchers wish to examine whether functionally staged evidence contributes distinguishably to reconstruction. The reported ablation, attribution, enrichment, and representational analyses provide complementary model-level approaches for evaluating those stage-specific contributions, while the weaker qualitative examples and lower pixel-level metrics demonstrate that the workflow does not eliminate reconstruction failures or uniformly improve every outcome.

Future work could extend this approach by evaluating finer-grained anatomical or functional parcellations, incorporating empirical voxel-wise noise metrics into the fusion mechanism, and testing generalizability across additional generative architectures, participants, datasets, and broader visual domains. Such extensions would be consistent with the wider development of visual-cortical decoding from hierarchical feature decoding6 through deep image reconstruction8 and latent-diffusion-based natural-scene reconstruction7,9. They could also determine whether the stage-specific patterns observed here remain stable when functional organization is represented at finer spatial scales or when different reconstruction backends are used. These possibilities should be regarded as directions for future evaluation rather than capabilities established by the present protocol. More broadly, the method provides a framework for investigating how explicitly staged functional evidence can be incorporated into computational brain-decoding pipelines while retaining the whole-voxel information and pretrained generative components on which existing reconstruction systems depend.
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