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Reconstructing natural images from brain activity represents one of the most compelling 
demonstrations of the synergy between modern neuroimaging and machine learning. 
However, the computational pipelines underlying these results remain scarcely accessible, 
difficult to reproduce, and offer limited opportunities for hands-on experimentation. They 
depend on large codebases, expensive hardware, and multiple representational stages 
whose interactions are not obvious. We present a step-by-step tutorial, organized across 
six notebooks, for reconstructing natural images from fMRI responses in the Natural 
Scenes Dataset. The workflow walks the reader through three main stages: predicting 
coarse image structure from brain activity by targeting the latent space of a pretrained 
image autoencoder, predicting semantic content by targeting learned vision-language 
embeddings, and combining both signals through a pretrained generative model that 
produces a final image reflecting both the recovered layout and the recovered meaning. 
Each notebook explains the reasoning behind its pipeline stage and provides runnable 
code to reproduce and build on each component. We present qualitative and quantitative 
metrics for all of our pipeline stages. Every notebook runs end-to-end on free-tier Google 
Colab hardware, and each stage can be inspected, modified, and replaced independently. 

INTRODUCTION 

When you look at a picture of a dog standing on a beach, 
your brain produces a structured pattern of activity. That 
pattern carries information about what you are seeing, from 
the spatial layout of the scene to the identity of the objects 
within it. A central question in visual neuroscience is how 
much of that information can be recovered from measured 
brain responses. Ultimately, can we reconstruct what a per
son was seeing from brain activity alone? 

Early work established that visual content could, in fact, 
be read out from distributed functional magnetic resonance 
imaging (fMRI) activity patterns. Multi-voxel pattern 
analysis showed that responses in ventral temporal cortex 
contain enough information to discriminate viewed object 
categories.1,2 Subsequent studies pushed beyond category-
level decoding. Encoding models could identify which spe
cific natural image a participant was viewing from a large 
candidate set,3 and inverse retinotopic approaches could 
recover coarse spatial structure directly from activity in 

the visual cortex.4,5 Together, these studies showed that 
fMRI signals contain information sufficient to support not 
only discrimination and identification, but also constrained 
forms of visual reconstruction. 

The introduction of deep neural networks substantially 
expanded what could be decoded and reconstructed. Rather 
than relying on hand-crafted stimulus features, researchers 
began using hierarchical visual representations extracted 
by trained networks as decoding targets.6,7 In parallel, gen
erative modeling approaches showed that learned image 
priors could improve reconstructions by supplying plausible 
visual detail that is not fully specified by the brain signal 
alone.8,9 More recent work has also explored self-super
vised objectives and related representation-learning strate
gies for reconstruction from brain activity.10 

Over the past few years, many reconstruction pipelines 
have adopted a common high-level strategy that combines 
complementary types of decoded information. Low-level 
targets, such as autoencoding latents, preserve aspects of 
spatial layout, color, and coarse visual structure, but carry 
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Figure 1. Overview of the reconstruction pipeline. Stimulus images are encoded into two complementary target spaces: 
Stable Diffusion Variational Autoencoder (SD-VAE) latents (low-level) and CLIP embeddings (high-level). Separate 
decoders are trained to predict each target from fMRI responses. At generation time, the low-level reconstruction 
provides spatial structure, and the high-level embedding provides semantic guidance. Both are combined through a 
Stable Diffusion XL (SDXL) image-to-image pipeline with Image Prompt Adapter (IP-Adapter) conditioning to produce 
the final output. 

limited explicit information about object or scene identity. 
High-level targets, such as image embeddings derived from 
multimodal models like Contrastive Language-Image Pre
training (CLIP), capture abstract semantic content, but do 
not themselves constitute images.11,12 Recent systems have 
shown that these signals can be combined within pre
trained latent diffusion and related generative models to 
improve both structural fidelity and semantic accuracy.13‑17 

This same general framework has also been extended to
ward shared-subject and cross-subject settings, reducing 
the amount of subject-specific data required for image re
construction.18‑21 

Despite rapid progress, a substantial practical barrier re
mains. Many modern reconstruction pipelines are difficult 
to inspect or reproduce, let alone adapt to new settings. 
They often depend on large and complex codebases, require 
substantial computational resources, and involve multiple 
representational stages whose individual contributions are 
not always made explicit. As a result, a newcomer who 
reads a reconstruction paper and wants to understand how 
the system works, run it, and begin modifying it still faces a 
steep uphill climb. 

The present work addresses this gap. We present a repro
ducible and quantitatively validated reference implementa
tion for modern fMRI-to-image reconstruction in the Nat
ural Scenes Dataset (NSD).22 The pipeline is deliberately 
modular, with each stage isolating a recurring design deci
sion in the reconstruction literature, including the choice 
of decoding target, the handling of repeated fMRI mea
surements, and the integration of decoded signals within a 
generative model. Each stage can therefore be understood, 
evaluated, and modified independently. Figure 1 summa
rizes the full workflow. 

METHODS 

This work releases and evaluates a reference implementa
tion for naturalistic stimulus reconstruction from fMRI in 
NSD. The pipeline is modular, factoring the reconstruction 
problem into two decoded target spaces and a generative 

stage that combines them. Unless noted otherwise, the re
ported results correspond to a compute-constrained ref
erence configuration using NSD subject 1 with all model 
settings chosen to fit within Google Colab free-tier hard
ware. Note that this workflow only requires training the 
fMRI decoders, which learn to map brain activity onto the 
chosen target spaces. All other modules introduced in the 
pipeline are used as frozen pretrained models. As outlined, 
the pipeline factors reconstruction into three stages. The 
following sections specify each component. 
Low-level target.  The low-level path targets the latent 

space of the SD-VAE.12 This encoder compresses each 
 red-green-blue (RGB) image into a 

latent tensor containing 4,096 values, a roughly  reduc
tion in dimensionality. The compression preserves struc
tural layout, and dominant color information, while dis
carding fine texture and imperceptible detail. Because the 
latent representation is continuous and relatively low-di
mensional, it is feasible to treat decoding as a standard re
gression problem at NSD scale, an approach also adopted by 
Ozcelik and VanRullen15 using a similar autoencoder-based 
first stage. Figure 2 illustrates this encode-decode round 
trip on a single NSD stimulus. 
High-level target.  The high-level path targets CLIP vi

sion embeddings,11 specifically from an OpenCLIP Vision 
Transformer H/14 (ViT-H/14) model trained on 
LAION-2B.23 These embeddings compress each image into 
a 1,024-dimensional vector that emphasizes what is in the 
image (objects, scenes, categories) rather than exactly how 
it looks. Two photographs of different dogs in different set
tings will have similar CLIP embeddings because they de
pict the same concept, even though their pixel content is 
very different. CLIP embeddings cannot be directly turned 
back into pixels, but they provide a compact semantic code 
that can steer a generative model toward the right category 
of output. Figure 3 shows how this representation is ex
tracted and evaluated. 
Generative combiner.  The final stage brings both sig

nals together through an SDXL image-to-image pipeline. 
The low-level reconstruction is fed in as a starting image 
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Figure 2. Illustration of the low-level target space. (A) An example NSD stimulus. (B) Its four-channel  latent 
tensor, visualized as separate heatmaps. (C) The image reconstructed by the SD-VAE decoder. The near-lossless round 
trip confirms that the latent space preserves sufficient visual information to serve as a decoding target. 

Figure 3. Overview of the semantic target and retrieval evaluation. Stimulus images are first passed through a frozen 
CLIP image encoder to define fixed 1,024-dimensional target embeddings. Later an fMRI decoder, trained as a multilayer 
perceptron (MLP), learns to predict those fixed targets from voxel responses. Retrieval is evaluated by querying a pool 
(N=300) of candidate image embeddings with the brain-predicted CLIP embedding. 

that tells the generative model where things are and 
roughly what colors to expect. The decoded CLIP embed
ding is injected through an IP-Adapter module24 that con
ditions the model’s cross-attention layers, telling it what 
objects and scenes should appear. Intuitively, the low-level 
signal provides the spatial skeleton and the high-level sig
nal provides the semantic identity. This two-signal strategy 
follows the general approach used by recent end-to-end 
reconstruction systems,13,15,16 while remaining compact 
enough for the chosen reference configuration. 

DATASET AND STUDY DESIGN 

All experiments use NSD,22 a large-scale 7-Tesla (7T) fMRI 
resource in which participants viewed tens of thousands 
of natural images drawn from Common Objects in Context 
(COCO)25 across dozens of scanning sessions. NSD provides 
pre-computed single-trial beta weights estimated from a 
general linear model, so the present work starts from pre
processed response estimates rather than raw blood oxygen 
level-dependent (BOLD) time series. Each voxel value used 
in this work is already a single number summarizing the es
timated response amplitude for one stimulus presentation. 
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Figure 4. Practical NSD data setup. (A) The nsdgeneral voxel mask (about 15,724 voxels) overlaid on an anatomical slice. 
(B) Example NSD stimulus image. (C) Corresponding activation pattern within the nsdgeneral mask. (D) Initial stimulus 
and response tensors. The stimuli are split into training, validation, and test images. The response tensor is organized as 

 stimulus images  3 repeated presentations  15,724 nsdgeneral voxels for the reference subject. 

The reference workflow uses the nsdgeneral mask, which 
restricts the roughly 200,000 whole-brain voxels to approx
imately 15,724 that are visually responsive, spanning early 
visual cortex through higher object- and scene-selective re
gions. This removes activity from regions that do not en
code visual information and keeps the data small enough to 
fit in memory on modest hardware. Each image was shown 
to the subject three times in different scanning sessions, 
and practical choices such as how to handle repeated mea
surements, which decoder architecture and regularization 
to use, and how to balance generation parameters are ex
plored in the corresponding modules. For the reported ref
erence subject, the workflow uses 8,640 training images, 
300 validation images, and 1,000 held-out test images. Fig
ure 4 illustrates the voxel mask, an example activation pat
tern, and the data organization. 

RELEASED IMPLEMENTATION MODULES 

The released resource is organized as six notebooks, in
cluding one setup notebook (Notebook 0) and five scientific 
modules that mirror the pipeline stages. Table 1 summa
rizes the notebooks and their outputs. 

The sequence is cumulative, and the first three modules 
are primarily conceptual. Notebook 0 provides a short Colab 

primer for readers who need a minimal execution environ
ment. Module 1 asks what NSD fMRI data actually looks 
like in practice. It loads the beta weights for a single sub
ject, applies the nsdgeneral voxel mask, organizes the re
peated presentations into train, validation, and test splits, 
and saves the resulting arrays for use in all subsequent 
modules. By the end of this notebook, the reader has a con
crete sense of the input data. 

Module 2 explores the dimensionality mismatch be
tween fMRI inputs and image outputs, and the problems 
that arise when trying to predict in one space from the 
other. It then introduces the Stable Diffusion VAE as a 
method for compressing images into a more learnable tar
get space. 

The remaining three modules each train a decoder, pro
duce outputs, and evaluate them. The low-level decoder 
targets the latent space defined in Module 2, the semantic 
decoder targets CLIP embeddings, and the hybrid generator 
combines both decoded signals inside a generative model. 
The following sections describe each of these stages in de
tail. 
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Table 1. Released implementation notebooks. 

Notebook Stage Primary output Role in the pipeline 

0 Colab primer and setup Minimal Colab environment setup workflow Provides a minimal GPU-enabled execution environment 

1 fMRI and voxels NSD loading and voxel-handling workflow Defines the input representation and study split 

2 VAE target preparation Stable Diffusion VAE encode/decode workflow Defines the low-level target space 

3 Low-level decoding Predicted VAE latents and decoded test images Provides structural conditioning for generation 

4 Semantic decoding Predicted CLIP embeddings and retrieval metrics Provides semantic conditioning for generation 

5 Hybrid generation Final reconstructions and ablation metrics Combines both decoded signals 

Note. The table lists the primary output from each notebook and its role in the reconstruction pipeline. 

LOW-LEVEL DECODER 

The case against predicting pixels directly from brain ac
tivity is arithmetic. A  RGB image contains nearly 
200,000 pixel values, but NSD provides only about 8,000 
training images per subject and roughly 15,000 input vox
els. That works out to approximately 0.04 training samples 
per output dimension, a regime in which overfitting is al
most guaranteed and even small spatial misalignments be
tween predicted and true images would be penalized heav
ily in pixel space, despite being perceptually insignificant. 

The solution provided in this pipeline is to predict in 
a more compact representation. The Stable Diffusion VAE 
compresses each image into 4,096 continuous latent values, 
increasing the sample-to-dimension ratio to roughly two 
training examples per target dimension. While still not 
generous by machine learning standards, this is enough 
for regularized regression to produce meaningful results. 
Crucially, the latent representation preserves enough spa
tial and color information that decoded latents can be con
verted back to recognizable images through the VAE de
coder. Moving the regression target into a space that is both 
learnable from fMRI and invertible back to image space is 
the key design choice at this stage. 

Two decoder models are trained to make this prediction. 
The first is ridge regression, a linear model with L2 reg
ularization that provides a stable baseline. The second is 
a regularized MLP, a feed-forward neural network that can 
model nonlinear relationships between voxel responses and 
latent features. Comparing the two models lets us ask 
whether this added nonlinear capacity improves recon
struction beyond a strong linear reference point. Predicted 
latents are decoded back to image space using the same 
VAE, and all evaluation is performed on 1,000 held-out test 
images that the decoders never saw during training. Be
cause the decoder treats the VAE latent as a generic regres
sion target, replacing Stable Diffusion’s autoencoder with a 
different one requires only changing the target extraction 
step in Notebook 2 while the decoder training in Notebook 
3 remains the same. 

SEMANTIC DECODER 

The semantic decoder addresses a different question. In
stead of recovering what the image looked like, can we re
cover what it was about? The target here is the CLIP embed
ding of the viewed image, a 1,024-dimensional vector that 
captures the semantic gist of the scene, including which ob
jects, scenes, and categories are present. 

As in the low-level stage, both a ridge regression base
line and an MLP are trained. Evaluation works differently 
here, though, because CLIP embeddings are not images and 
there is no natural way to look at the output and judge 
quality. Instead, the primary evaluation is framed as a re
trieval task. The brain-predicted embedding is used as a 
search query against a pool of ground-truth image embed
dings. Does the closest match correspond to the image the 
subject was actually viewing? Following P. Scotti et al.,16 

success is measured by top-1 retrieval accuracy and pair
wise accuracy over 300 held-out test images. As a com
plementary check, predicted embeddings are also passed 
through IP-Adapter to generate images conditioned solely 
on the decoded semantic signal, providing a qualitative 
sense of what information the embeddings carry before the 
hybrid stage combines them with low-level structure. The 
same pipeline structure applies to any fixed-dimensional 
image embedding, so swapping CLIP for a different repre
sentation such as DINOv2 requires changing only the fea
ture extractor in Notebook 4. 

HYBRID GENERATION 

The hybrid generator combines the two decoded outputs 
into a single image using an SDXL image-to-image pipeline 
implemented with the diffusers library. The low-level re
construction, which is blurry but spatially informative, is 
upscaled to  using Lanczos resampling and pro
vided as the starting image for the diffusion process. The 
decoded CLIP embedding is prepared for IP-Adapter con
ditioning by reshaping it into the format expected by the 
adapter and pairing it with a zero embedding for classifier-
free guidance. We preserve the predicted embedding’s nat
ural magnitude so that the conditioning more closely 
matches the scale seen by IP-Adapter during training. 

Generation follows a two-pass strategy designed to bal
ance semantic conditioning with structural preservation. 
The first pass uses stronger IP-Adapter conditioning and 
moderate diffusion strength to establish scene content 
while retaining the low-level layout. The second pass re
duces the adapter scale and performs a lighter refinement 
pass on the first-pass output, improving detail without fully 
overriding the recovered structure. 

All of this runs on a single T4 GPU with 16 GB of video 
random-access memory (VRAM), thanks to 16-bit floating-
point (fp16) precision, VAE tiling to reduce peak memory 
during encoding and decoding, and a fast scheduler that 
achieves reasonable quality in a moderate number of de
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noising steps. All three conditions (low-level only, semantic 
only, and hybrid) are evaluated on 1,000 held-out test im
ages using four metrics spanning pixel-level fidelity 
through high-level semantic similarity, following the eval
uation protocol established by P. Scotti et al.16 All gener
ation parameters are exposed as arguments to the genera
tion function in Notebook 5, allowing the reader to explore 
how diffusion strength, adapter scale, and guidance weight 
shift the balance between structural fidelity and semantic 
accuracy. 

RESULTS 

LOW-LEVEL RECONSTRUCTION: RECOVERING LAYOUT 
AND COLOR 

How much spatial structure can a simple regression model 
recover from brain activity? Both the ridge baseline and the 
MLP (trained in Notebook 3) consistently recover the coarse 
spatial layout and dominant color palette of the original 
image, but fine-grained details like object boundaries, fa
cial features, and texture are largely absent. The recon
structions typically look like heavily blurred, color-shifted 
approximations of the original. 

Quantitatively, the MLP slightly outperformed ridge re
gression across the full 1,000-image test set, achieving a 
mean structural similarity index measure (SSIM) of 

 compared to  for ridge. To 
put these numbers in context, an SSIM of 1.0 would indi
cate a perfect pixel-level match, and a value around 0.4 re
flects a reconstruction that preserves broad structure but 
differs substantially in detail. The MLP also produced 
higher SSIM on 800 of the 1,000 test images, confirming 
that the nonlinear model holds a consistent but modest 
advantage. Peak signal-to-noise ratio (PSNR) and mean 
squared error (MSE) also favored the MLP (  dB 
and  for MLP, compared with  
dB and  for ridge), suggesting that the 
MLP’s improvement is not limited to structural similarity 
alone. 

Figure 5 shows representative examples spanning a 
range of reconstruction quality, from cases where layout 
and color are clearly recognizable to cases where the output 
is largely uninformative. This variation is itself informative: 
images with strong color contrasts and simple composi
tions tend to decode well, while complex scenes with many 
small objects tend to produce diffuse, ambiguous recon
structions. 

SEMANTIC DECODING: RECOVERING MEANING 

Where the low-level stage asks “what did the image look 
like?” the semantic stage asks “what was it about?”. The 
MLP decoder (trained in Notebook 4) achieved 45.67% 
top-1 retrieval accuracy on the first 300 test images, mean
ing that in nearly one out of two cases, the brain-predicted 
CLIP embedding was closer to the correct image embedding 
than to any of the other 299 candidates. Chance perfor
mance in this task is , so the decoder is well 

over 100 times above chance. The pairwise accuracy 
reached 98.63%, indicating that when given just two op
tions, the brain-predicted embedding almost always picks 
the correct image over a random distractor. 

Ridge regression also performed well above chance 
(17.0% top-1, 92.44% pairwise), but the MLP improved sub
stantially over ridge. This is a much larger gap than in the 
low-level stage, where ridge and MLP were much closer to
gether. The pattern suggests that the mapping from voxel 
patterns to semantic content is substantially nonlinear, and 
that even a relatively simple neural network can exploit this 
nonlinearity to meaningful effect. 

An interesting qualitative pattern is that when the se
mantic decoder fails, it tends to fail gracefully: the retrieved 
image is often, although not always, semantically related 
to the correct one (e.g., retrieving a different outdoor scene 
rather than a completely unrelated image). This indicates 
that the decoded embeddings land in roughly the right 
neighborhood of CLIP space, even when they do not point 
to the exact correct image. Figure 6 summarizes the re
trieval results and shows example nearest-neighbor 
matches in CLIP space. 

HYBRID RECONSTRUCTION: COMBINING STRUCTURE 
AND MEANING 

The hybrid stage (Notebook 5) tests whether combining 
low-level spatial structure with high-level semantic iden
tity produces better reconstructions than either signal 
alone. We evaluate all three conditions across four metrics 
that capture different levels of visual similarity, following 
the protocol established by P. Scotti et al.16 The results are 
summarized in Table 2. 

The four metrics span the range from raw pixels to ab
stract semantics. Pixel correlation (PixCorr) and SSIM mea
sure pixel-level fidelity, reflecting how closely the recon
struction matches the original in spatial structure and 
luminance patterns. InceptionV3 and CLIP operate at a 
higher level, measuring whether the reconstruction depicts 
the same kind of scene and objects as the original. These 
two neural network metrics are reported as 2-way identifi
cation accuracy. Given a reconstruction and two candidate 
images, one correct and one random distractor, how of
ten does the model’s feature space pick the correct match? 
Chance performance is 50%. We note that pixel-level met
rics here use  resolution following standard prac
tice, while the low-level reconstruction analysis reports at 
the native . 

The pattern across conditions is consistent. Low-level-
only reconstructions dominate on pixel-level metrics be
cause they directly preserve spatial structure from the de
coded latents, but they remain weak on high-level metrics 
because a blurry color-matched image often lacks clear ob
ject identity. Semantic-only generation flips this: high-
level scores are very strong, but pixel-level fidelity collapses 
because the generative model has no spatial anchor and in
vents layouts freely. The hybrid pipeline occupies the mid
dle ground on every metric. It gives up some of the spatial 
fidelity of the low-level path, but retains much more struc
ture than the semantic-only condition while approaching 
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Figure 5. Low-level reconstruction results on the test set. For each stimulus, the figure shows the ground-truth NSD 
image together with ridge and MLP reconstructions obtained by predicting SD-VAE latent representations from fMRI and 
decoding them back to image space. Numbers above the reconstructions report per-image SSIM. Both models often 
recover coarse color and global layout, while fine-grained structure and object identity remain weak. 

semantic-only performance on both InceptionV3 and CLIP. 
No single condition dominates across all four metrics, 
which is precisely the tradeoff the hybrid approach is de
signed to navigate. 

Qualitative examples in Figure 7 make this visible. The 
low-level reconstructions are blurry and category-ambigu
ous: a blob of brown and green might be a dog, a field, or 
a piece of furniture. When semantic conditioning is added, 
the generative model resolves this ambiguity, producing an 
output that is recognizably a dog, a building, or a person, 
while the low-level input prevents the model from invent
ing a spatial layout that contradicts the brain signal. 

DISCUSSION 

The primary contribution of this work is pedagogical. The 
pipeline is designed to make each stage of modern fMRI-
to-image reconstruction transparent, modifiable, and 
runnable on accessible hardware. Systems such as Mind
Eye219 and Brain-IT26 achieve higher overall reconstruction 
quality through shared-subject training, more expressive 
decoder architectures, and considerably more compute, but 

the present pipeline nonetheless produces competitive re
sults across both pixel-level and semantic metrics. 

POSITIONING RELATIVE TO PUBLISHED SYSTEMS 

To give readers a sense of where the present pipeline falls 
relative to the field, Table 3 places our hybrid results along
side published numbers from recent reconstruction sys
tems, all evaluated on NSD Subject 1 at  resolu
tion following the standard protocol. 

The results show that our pipeline is competitive with 
published systems across both pixel-level and semantic 
metrics despite using simpler components. In particular, 
the final hybrid system achieves strong semantic alignment 
while remaining reasonably faithful to the decoded low-
level structure. We also note that generation-stage hyper
parameters such as diffusion strength, guidance scale, and 
IP-Adapter conditioning weight can shift the balance be
tween pixel-level and semantic scores considerably, and 
even small changes in these values can produce noticeably 
different metric profiles. Supplementary Figure S2 shows 
qualitative examples of this parameter sensitivity using 
fixed decoded inputs. 
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Figure 6. Semantic decoding performance. (A) Top-1 and pairwise retrieval accuracy on the first 300 test examples for 
ridge and MLP decoders, with chance level indicated. (B) Example retrievals showing the ground-truth image and the 
nearest neighbor in CLIP space based on the brain-predicted embedding. 

Table 2. Hybrid reconstruction evaluation. 

Metric Low-level only Semantic only Hybrid 

PixCorr .455 .148 .363 

SSIM .520 .362 .371 

InceptionV3 .519 .954 .941 

CLIP .548 .948 .938 

Note. Metrics were computed on 1,000 held-out test images at  resolution. PixCorr and SSIM measure pixel-level fidelity. InceptionV3 and CLIP measure semantic similarity 
as 2-way identification accuracy, with chance at 50%. Higher values indicate better performance for all metrics. 

SCOPE AND LIMITATIONS 

Several limits follow directly from the decision to present 
a compact reference configuration that fits within free-tier 
compute. The workflow starts from preprocessed NSD beta 
estimates and does not address upstream fMRI preprocess
ing. Primary results are reported for a single reference sub
ject rather than a shared-subject model because imple
menting such a model would exceed the compute 
constraints of this primer. A compact cross-subject check 
for Subjects 2, 5, and 7 is provided in Supplementary Figure 

S3 and Supplementary Table S1, including qualitative ex
amples and metrics computed over the first 100 held-out 
test images for each subject. Decoder architectures are in
tentionally simple and optimized for legibility and fast 
training rather than peak performance. These choices favor 
accessibility and reproducibility, and researchers with ac
cess to greater compute can extend the pipeline without 
modifying the core workflow since the generation loop is 
parametric over the number of test samples. 

Beyond these pipeline-specific choices, reconstruction 
approaches built on NSD face broader limits. NSD was col
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Figure 7. Hybrid reconstructions on held-out test stimuli. Columns 1 and 4 show the ground truth, 2 and 5 show the 
low-level reconstruction, and 3 and 6 show the hybrid output that combines low-level structure with CLIP-based 
semantic conditioning. 

Table 3. Comparison with published reconstruction systems. 

Method PixCorr SSIM Incep. CLIP 

Takagi & Nishimoto - - .760 .770 

Brain-Diffuser .305 .367 .878 .925 

MindEye .390 .337 .945 .946 

MindEye2 .374 .439 .962 .934 

Ours .363 .371 .941 .938 

Note. All methods use NSD Subject 1 evaluated at . 
a Takagi and Nishimoto13 

b Ozcelik and VanRullen15 

c P. S. Scotti et al.16 

d P. S. Scotti et al.19 

† Some recent systems are omitted because they report only multi-subject averages rather than per-subject results. 

lected at 7 Tesla with 1.8 mm resolution across dozens of 
sessions per subject. This provides signal quality that most 
scanning environments cannot match. The present results 
should therefore be read as a reference implementation for 
high-quality NSD data rather than as a guarantee of com
parable performance on shorter or lower-resolution 3-Tesla 
(3T) acquisitions. Applying the same workflow to standard 
3T data collection workflows would likely require additional 
measures to boost signal-to-noise ratio alongside more 
data for comparable results. 

A related caveat is that reconstruction quality reflects an 
interaction between decoded brain signals and pretrained 
visual priors. This issue is well recognized in modern recon
struction systems that use pretrained components such as 
CLIP, VAEs, and diffusion models. The fMRI model is eval
uated as a decoder of fixed target representations, while 
the generative model produces an image consistent with 
those constraints. Visually plausible outputs should there

fore be interpreted as evidence that the decoded represen
tation constrained the reconstruction in meaningful ways 
rather than as evidence that every visible detail was recov
ered directly from fMRI data. Representative failure modes 
are shown in Supplementary Figure S1, including gist-pre
serving substitutions, unrealistic object or body artifacts, 
and hard mismatches. 

A stronger test of visual decoding is to examine con
trolled or out-of-distribution stimuli. These can include ar
tificial shapes, line drawings, mental imagery, or stimulus 
classes that differ from the natural images used to train the 
decoder. Prior work has used such settings to test whether 
decoded representations generalize beyond standard nat
ural-image reconstruction.7,27,28 For NSD in particular, 
NSD-synthetic provides a directly relevant extension be
cause it contains responses from the same participant pool 
to controlled synthetic stimuli.29 Evaluating the present tu
torial pipeline on those stimuli would be a natural next 
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Table 4. Approximate Google Colab runtimes. 

Notebook Stage Runtime 

0 Colab primer and setup 5 min 

1 fMRI and Voxels 15 min 

2 VAE Target Preparation 15 min 

3 Low-Level Reconstruction 45 min 

4 High-Level Semantic Decoding 30 min 

5 Hybrid Reconstruction 20 min 

Note. Runtime estimates are for Google Colab free-tier hardware using a T4 GPU. Actual times vary with network speed during data streaming and model downloads. 

step, but we leave that benchmark outside the scope of this 
primer. 

PRACTICAL VALUE AND EXTENSIBILITY 

Despite these limits, the released workflow is designed for 
modification. Because the low-level, semantic, and hybrid 
stages are cleanly separated, each stage can be replaced 
without rebuilding the surrounding infrastructure. The Co
lab-first execution path also makes the resource suitable in 
settings where dedicated hardware is not available. 

All notebooks have been tested end-to-end on Google 
Colab free-tier hardware (T4 GPU) as of February 2026. 
Approximate runtimes are summarized in Table 4. Actual 
times vary with network speed during data streaming and 
model downloads. 

CONCLUSION 

This work provides a reproducible, end-to-end primer for 
naturalistic stimulus reconstruction from NSD fMRI data. 
By factoring the problem into low-level latent decoding, 
high-level semantic decoding, and generative hybrid com
bination, the pipeline makes explicit how modern recon
struction systems are built from interpretable, composable 
parts. The low-level path recovers spatial layout and color, 
the high-level path recovers object and scene identity, and 
the generative combiner synthesizes both into a coherent 
image that is richer than either signal alone. The released 
implementation is designed first to teach and second to 
serve as a starting point, giving researchers a working sys
tem they can inspect, modify, and build on as the field con
tinues to advance. 

DATA AND CODE AVAILABILITY 

The Natural Scenes Dataset is publicly available at 
http://naturalscenesdataset.org.22 Released notebooks and 
associated utility code are available at https://github.com/
UYildiz12/nsd-tutorial-notebooks and 
https://drive.google.com/drive/folders/1cfp56-PGr29HwV

tIa1DPWKzSPFoxBDcp?usp=sharing. A short Colab primer 
(Notebook 0) is included for readers who need a minimal 
GPU-enabled execution environment but is not part of the 
scientific content of the paper. To support reproducible 
runs, the notebooks set fixed random seeds where stochas
tic operations are used and use version-pinned package in
stalls in their setup cells. 
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