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Abstract

Diffusion models are increasingly used as scientific reconstruction engines, but realistic samples do not
by themselves reveal where target-specific information entered the system. This ambiguity is acute in
fMRI-to-image reconstruction: a frozen image generator can amplify weak neural conditioning into plausible
scenes, while target captions, target-image features, retrieval, or candidate-pool selection can silently turn
reconstruction into an oracle-assisted protocol. We formulate this issue as an information-provenance problem
and define brain-measurable diffusion decoding: every inference-time control supplied to the generator
must be a function of the measured fMRI response, fixed learned weights, fixed sampler settings, and target-
independent randomness. We instantiate the criterion with a three-channel fMRI-conditioned decoder that
predicts a Stable Diffusion VAE latent, learns a CLIP-aligned visual coordinate during training, and supplies
brain-derived cross-attention tokens to a frozen SD1.5 denoiser. On 982 NSD shared-test images, the method
reaches competitive standard-8 reconstruction quality under a clean train-only, single-rendering protocol.
Provenance ablations, sampler-strength sweeps, learning-dynamics traces, calibration checks, and resource
audits identify which controls carry stimulus-specific information and which evaluation choices can alter
the scientific claim. The result is both a reconstruction system and an evaluation template for separating
brain-derived generation from target-side shortcuts in scientific uses of deep generative models.

Figure 1. Brain-measurable training and inference pipeline. Training uses frozen visual teachers to supervise brain-predicted VAE
latents, CLIP-aligned visual coordinates, and SD cross-attention tokens. Inference keeps the SD1.5 generator frozen and supplies
only fMRI-derived latent initialization and fMRI-derived tokens, with no target caption, oracle retrieval image, target CLIP feature,
or evaluation-pool candidate.

Accepted to FoGen 2026: Foundations of Deep Generative Models: Understanding Memorization, Generalization, and Reasoning,
an ICML 2026 workshop (non-archival).
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2 BRAIN-MEASURABLE DIFFUSION DECODING

1. Introduction
Deep generative models (DGMs) have moved from content creation into scientific workflows. Diffusion models now
act as priors, decoders, simulators, and inverse-problem solvers when measurements are noisy, incomplete, or indirect
(Ho et al., 2020; Song et al., 2021; Nichol & Dhariwal, 2021; Dhariwal & Nichol, 2021; Rombach et al., 2022). This
creates a productive tension. A strong generator can convert weak scientific evidence into a structured sample, but
the same generator can also conceal whether the decisive information came from the measurement, from memorized
training structure, from retrieval, or from target-side metadata (Somepalli et al., 2023; Carlini et al., 2023).

We study this issue in fMRI-to-image reconstruction. The Natural Scenes Dataset (NSD) provides repeated human
brain responses to natural images and has enabled a wave of diffusion-based reconstruction systems (Allen et al., 2022;
Takagi & Nishimoto, 2023; Ozcelik & VanRullen, 2023; Lin et al., 2022; Lu et al., 2023; Chen et al., 2023; Scotti
et al., 2023; 2024; Xia et al., 2024a;b; Wang et al., 2024; Huo et al., 2024; Gong et al., 2025; Beliy et al., 2025; Zhang
et al., 2025). These methods are scientifically valuable because they suggest that visual information can be decoded
from non-invasive brain measurements. They are also methodologically delicate: if a pipeline uses target captions,
target-image CLIP features, evaluation-pool retrieval, or target-guided best-of-N selection, high visual quality no longer
establishes that the reconstruction was determined by fMRI.

This paper places the information interface at the center of the reconstruction problem. The FoGen workshop asks when
a generative model is memorizing, generalizing, reasoning, or exploiting evaluation artifacts. fMRI reconstruction is a
concrete domain where that question becomes directly testable. A reconstruction can be semantically plausible yet
scientifically uninformative if the generator was guided by a target-side oracle. Conversely, a stricter single-rendering
protocol may produce less polished images but support a clearer claim: the target-specific evidence entered through the
measured brain response.

We call a reconstruction rule brain-measurable if every deployed conditioning variable is measurable from the fMRI
response, fixed learned weights, fixed sampler settings, and target-independent randomness. The definition allows
frozen foundation models as priors and teachers. CLIP image embeddings (Radford et al., 2021), VAE latents (Rombach
et al., 2022), or diffusion noise targets may supervise training, exactly as labels supervise ordinary prediction. The
corresponding test-time controls, however, must be predicted from fMRI rather than copied from the held-out target
image.

We instantiate the criterion with a three-channel fMRI-conditioned diffusion decoder. The model predicts (i) a Stable
Diffusion VAE latent for low-level initialization, (ii) a CLIP-aligned visual coordinate for training-time semantic
alignment, and (iii) a tensor of brain-derived SD1.5 cross-attention tokens that conditions a frozen UNet. At inference,
the generator receives only the fMRI-predicted latent and fMRI-predicted tokens. It receives no target caption,
target-image feature, target-derived prompt, retrieval result, candidate-pool reranking signal, or best-of-N selector.

Contributions.

• Information-provenance criterion. We formalize brain-measurable diffusion decoding and distinguish training-
time visual teachers from inference-time oracle information.

• A concrete brain-measurable decoder. We implement the criterion with three fMRI-derived coordinates: a VAE
latent, a CLIP-supervised visual coordinate, and brain-derived cross-attention tokens for a frozen SD1.5 denoiser.

• An audited NSD evaluation. We use a strict train-only split that removes all official shared-image identities before
training, evaluate on 982 valid shared-test images, and report standard-8 metrics under a fixed single-rendering
protocol.

• Diagnostics for DGM behavior. We report resource audits, full provenance ablations, sampler-strength sweeps,
learning-dynamics traces, fixed-calibration checks, and representation-side probes in the main paper rather than
hiding the evidence in the appendix.

2. Related Work and FoGen Positioning
Neural decoding before diffusion. Visual decoding has a long history in computational neuroscience. Early work
identified images from neural responses or reconstructed images by combining brain likelihoods with image priors
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(Kay et al., 2008; Naselaris et al., 2009; Nishimoto et al., 2011; Naselaris et al., 2011; Haxby et al., 2001; Horikawa &
Kamitani, 2017). Later approaches used CNN representations, self-supervised objectives, GANs, and learned image
priors to improve semantic and visual fidelity (Wen et al., 2018; Seeliger et al., 2018; Shen et al., 2019; Beliy et al.,
2019; Gaziv et al., 2022; Goodfellow et al., 2014; Karras et al., 2019). These studies motivate fMRI reconstruction as a
scientific inverse problem, but they predate the current evaluation challenge: a very strong frozen generator can make
weak or ambiguous conditioning look convincing.

Diffusion-based fMRI reconstruction. Latent diffusion models provide a high-quality natural-image prior and a
compact latent space (Rombach et al., 2022). Recent fMRI reconstruction methods connect brain responses to latents,
CLIP embeddings, diffusion priors, captions, retrieval systems, or multi-level modulation (Takagi & Nishimoto, 2023;
Ozcelik & VanRullen, 2023; Lu et al., 2023; Chen et al., 2023; Scotti et al., 2023; 2024; Xia et al., 2024a;b; Wang et al.,
2024; Huo et al., 2024; Gong et al., 2025; Beliy et al., 2025; Zhang et al., 2025). This line has made reconstructions
more realistic. Our contribution is complementary: we ask whether the inference-time controls supplied to the generator
are brain-measurable, and we audit which control channel actually carries stimulus-specific information.

Foundation-model controls and leakage. Modern image generation often improves controllability through text
conditioning, CLIP latents, adapters, ControlNet-like structural inputs, and multimodal supervision (Radford et al.,
2021; Jia et al., 2021; Li et al., 2022; Liu et al., 2023; Nichol et al., 2022; Ramesh et al., 2022; Saharia et al., 2022;
Podell et al., 2024; Zhang et al., 2023; Mou et al., 2024; Xu et al., 2023). These tools are powerful and appropriate in
many generation tasks. In scientific reconstruction, however, the provenance of each control matters. A target-derived
caption, CLIP feature, or retrieval result can turn a decoding claim into a target-assisted generation claim. This is why
the same visual foundation model can be a legitimate training teacher and an invalid test-time oracle depending on
when and how it is used.

FoGen relevance. FoGen emphasizes memorization, generalization, reasoning, optimization, and evaluation of DGMs.
fMRI reconstruction connects these themes in one application. The frozen diffusion model contributes distributional
knowledge; the brain encoder must generalize from noisy measurements; the sampler and selector define the decision
rule; and the reported score is meaningful only if the information pathway is clear. Our experiments therefore treat
reconstruction quality and provenance diagnostics as inseparable.

3. Brain-Measurable Diffusion Decoding
3.1. Information Available at Inference

Let (X,Y ) denote a paired fMRI response and stimulus image. Let Gϕ be a frozen stochastic generator with fixed
sampler settings ϕ, such as a latent diffusion model (Ho et al., 2020; Song et al., 2021; Rombach et al., 2022). A
reconstruction has the form

Ŷ = Gϕ(C, η), (1)

where C is the conditioning object and η is generator noise. We say a decoder is brain-measurable if every deployed
conditioning variable is measurable with respect to

Ibrain(X) = σ(X, θ, ϕ, ξ, η), (2)

where θ are fixed learned weights and ξ, η are target-independent sources of randomness. Equivalently, there exists a
fixed map aθ such that

C = aθ(X, ξ), C, Ŷ are Ibrain(X)-measurable. (3)

Information computed from the held-out target image is outside this interface. This includes target captions, target-image
CLIP features, depth or structural maps, VLM descriptions, retrieval labels, and candidate-pool scores derived from Y
or from the evaluation set Etest. Such signals may improve image quality, but they change the scientific claim from
brain decoding to oracle-assisted generation.
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3.2. Teachers Versus Oracles

The provenance constraint applies to variables used at inference, not to supervised targets used during training. A frozen
teacher may define a target representation

T (Y ), θ⋆ = argmin
θ

Lteach(θ),

Lteach(θ) = E(X,Y )∼Dtrain

[
d(aθ(X), T (Y ))

]
,

(4)

as in empirical risk minimization (Vapnik, 1998). The deployed system remains brain-measurable only if the test-time
control is predicted from fMRI:

Ctest = aθ⋆(Xtest) is allowed,
Ctest = T (Ytest) is an oracle.

(5)

Thus CLIP image embeddings, VAE latents, VQ codes (van den Oord et al., 2017; Esser et al., 2021), and diffusion-noise
targets can be legitimate teachers, provided their deployed counterparts are inferred from Xtest.

3.3. Sampling, Selection, and Leakage

A stochastic decoder can also be viewed as a decision rule (Berger, 1985) δ = (gθ, q,N): it generates N candidates from
a brain-derived representation gθ(X) and selects one using a score q. If q depends on the target image, target caption,
target CLIP feature, or evaluation-pool retrieval, the reported score estimates a different protocol. A best-of-N system
can be scientifically meaningful if the selector is itself brain-measurable, but it is not equivalent to a single-rendering
decoder.

Our main evaluation uses N = 1 with a vacuous selector. This deliberately gives up best-of-N gains, but it removes
selection leakage by construction. Appendix A records the longer decision-rule decomposition into representation,
sampling, and selection-alignment terms.

3.4. Relation to Memorization and Generalization

Brain-measurability does not claim that the frozen generator has no memory of its image pretraining distribution. In
fact, the natural-image prior is the reason weak fMRI controls can produce coherent samples. The claim is narrower and
more auditable: for a held-out stimulus, target-specific information must enter through the measured response rather
than a target-side shortcut. This separates useful distributional prior knowledge from hidden leakage, and aligns fMRI
reconstruction with FoGen’s broader focus on memorization, generalization, reasoning, and evaluation.

4. Method
4.1. Problem Setup

Let x ∈ RV denote an fMRI response and y⋆ the corresponding stimulus image. In the fully audited NSD setting
reported here, V = 15,724 after applying the subject-specific nsdgeneral mask. The goal is to generate ŷ such that
all deployed controls are functions of x. We implement

ŷ = GSD,ϕ

(
ẑ(x), T̂(x), η

)
, (6)

where ẑ(x) is a brain-predicted latent initialization, T̂(x) is a brain-predicted cross-attention tensor, and η is diffusion
sampling noise. Figure 2 summarizes the training and inference paths and highlights the key constraint: frozen visual
teachers supervise training, but only fMRI-predicted controls are deployed at test time.

4.2. Teacher Coordinates

For each training image, we precompute two frozen teacher coordinates. The SD1.5 VAE encodes the image into
a scaled latent z⋆ ∈ R4×32×32 at 256 × 256 resolution. CLIP ViT-B/32 encodes the same image into a normalized
visual embedding c⋆ ∈ R512 (Radford et al., 2021). Neither teacher is updated. More importantly, neither z⋆(Ytest) nor
c⋆(Ytest) is available during test-time generation.
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Figure 2. Overview of the brain-measurable fMRI-conditioned diffusion framework. The model learns three fMRI-derived
pathways: a VAE latent, a CLIP-aligned visual coordinate, and SD1.5 cross-attention tokens. At inference time, CLIP serves strictly
as a training-time teacher; the generator is conditioned only on the fMRI-predicted latent and tokens, without target captions, oracle
retrieval images, or target-image features.

4.3. Phase I: Brain-to-Visual Coordinates

Phase I learns a brain representation h = fθ(x) ∈ R1024 using a lightweight MLP encoder with LayerNorm (Ba et al.,
2016), GELU (Hendrycks & Gimpel, 2016), dropout (Srivastava et al., 2014), and low-rank adaptation on selected
linear layers (Hu et al., 2022). Two heads predict a latent and a visual coordinate:

ẑ = fz(h) ∈ R4×32×32, ĉ = fc(h) ∈ R512. (7)

The objective is
LI = ∥ẑ− z⋆∥22 + λclipLvis,

Lvis = 1− cos(ĉ, c⋆), λclip = 0.5.
(8)

We train Phase I for 20 epochs with AdamW (Kingma & Ba, 2015; Loshchilov & Hutter, 2019), batch size 16, learning
rate 10−4, weight decay 0.01, mixed precision, and gradient clipping at 1.0.

4.4. Phase II: Brain-Derived Diffusion Tokens

Phase II freezes the Phase-I brain encoder and learns a diffusion-conditioning tensor. A BrainCondAdapter Aψ :
R1024 → R77×768 maps the brain representation to cross-attention tokens T = Aψ(h). These tokens replace the text-
encoder hidden states normally consumed by the frozen SD1.5 UNet. A lightweight CLIPAlignHead Hψ mean-pools
the tokens and predicts a CLIP image embedding for an auxiliary alignment loss.

The tokens are not generated from text; they are learned by backpropagating through the frozen denoising objective:

ϵ̂ = USD(zt, t,T), zt = noise(z⋆, t), (9)

LII = ∥ϵ̂− ϵ∥22 + λalignLclip,

Lclip = 1− cos(Hψ(T), c⋆), λalign = 1.0.
(10)

The SD1.5 VAE, UNet, tokenizer, and text encoder remain frozen. The method therefore learns a brain-to-conditioning
interface rather than fine-tuning the image prior itself.

4.5. Inference and Auditability

At test time, the same fMRI vector produces ẑ(x) and T̂(x). DDIM image-to-image sampling denoises from ẑ(x) under
brain-token cross-attention. The empty prompt branch is used only for classifier-free guidance (Ho & Salimans, 2022);
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it does not inject target-image content. We use a single rendering per test image (N = 1), so there is no target-guided
candidate selection.

The three-channel design makes information provenance testable. If the frozen diffusion prior alone determined the
output, mismatching fMRI responses would not collapse identification metrics. If the VAE latent carried object identity
by itself, latent-only decoding would remain strong. If the token sequence were decorative, token-only decoding would
fail. These counterfactuals correspond directly to the ablations in Section 6.3.

Additional implementation details and the corresponding provenance rationale are provided in Appendix B and
Appendix D.

5. Evaluation Protocol
Dataset and split. We evaluate on NSD (Allen et al., 2022) under a subject-specific nsdgeneral mask, using
the canonical subject-01 split for the fully audited tables in this workshop version. The original pre-extracted tensor
contains 29,997 fMRI–image pairs from 9,999 unique NSD image ids. The official shared-test set contains 1,000 unique
image ids, each repeated three times. Our clean train-only tensor removes every row whose NSD id belongs to this
shared set, leaving 26,997 rows from 8,999 unique image ids and zero identity overlap with evaluation images. The
main evaluation uses 982 valid shared-test samples.

Metrics. We report the standard-8 reconstruction suite used by recent NSD decoding work: PixCorr, SSIM (Wang
et al., 2004), AlexNet-2 and AlexNet-5 two-way identification (Krizhevsky et al., 2012), Inception two-way identification
(Szegedy et al., 2016), CLIP two-way identification (Radford et al., 2021), EfficientNet distance (Tan & Le, 2019), and
SwAV distance (Caron et al., 2020). Higher is better for PixCorr, SSIM, AlexNet, Inception, and CLIP; lower is better
for EfficientNet and SwAV.

Fixed operating point. The headline benchmark uses DDIM image-to-image sampling with fMRI-predicted latent
initialization and fMRI-predicted cross-attention tokens: 30 denoising steps, strength 0.46, guidance scale 5.0, seed 9,
and one global target-independent blur/contrast/brightness calibration. These settings are applied identically to every
reconstruction and do not depend on target images, target captions, retrieval outputs, candidate-pool reranking, or
per-image metric feedback. Sampler and calibration sweeps are reported separately as diagnostics.

Appendix B records additional training, inference, and reporting details that are not essential to follow the main
evidence.

6. Experiments
The experiments are organized around the information-provenance claim. Section 6.1 reports the clean benchmark.
Section 6.2 audits resources used by comparable protocols. Section 6.3 tests whether outputs follow measured fMRI.
Sections 6.4–6.6 analyze sampler behavior, learning dynamics, fixed calibration, and representation-side structure.

6.1. Main Benchmark

Table 1 shows that the brain-measurable decoder reaches competitive reconstruction quality under a stricter information
contract. The method leads the comparison on PixCorr, CLIP, EfficientNet distance, and SwAV distance, and remains
competitive on Inception and AlexNet identification. SSIM is not the strongest row, reflecting the known tension
between exact local structure and diffusion-based perceptual realism. The important point is that our result is achieved
by a single reconstruction per fMRI response under fixed settings; no target-guided sample selection is used. Qualitative
examples in Figures 3 and 4 show that the same protocol preserves coarse object category and scene layout while
leaving fine texture and geometry imperfect.

6.2. Resource and Provenance Audit

External baselines vary along multiple axes: subject regime, text supervision, retrieval, candidate selection, and
metric implementation. Table 2 makes the main resource differences explicit. Cross-subject training and extra image
pretraining are legitimate modeling choices, but they change the regime. Target-side captions, target-image features,
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Table 1. Quantitative comparison on the NSD shared-test set. We report standard-8 reconstruction metrics. PixCorr and SSIM
measure low-level similarity; AlexNet-2, AlexNet-5, Inception, and CLIP are two-way identification accuracies; EfficientNet and
SwAV are correlation distances. External rows are quoted from original publications. Our row uses 982 valid shared-test images
under a clean train-only, single-rendering, fixed-calibration protocol with no target captions, retrieval pool, candidate reranking, or
target-image features at inference.

Method Pix.↑ SSIM↑ Alex-2↑ Alex-5↑ Inc.↑ CLIP↑ Eff.↓ SwAV↓

Takagi–Nishimoto LDM (Takagi & Nishimoto, 2023) 0.246 0.410 0.789 0.856 0.838 0.821 0.811 0.504
Brain-Diffuser (Ozcelik & VanRullen, 2023) 0.273 0.365 0.944 0.966 0.913 0.909 0.728 0.421
MindEye (Scotti et al., 2023) 0.319 0.360 0.928 0.969 0.946 0.933 0.648 0.377
DREAM (Xia et al., 2024a) 0.274 0.328 0.939 0.967 0.934 0.941 0.645 0.418
UMBRAE (Xia et al., 2024b) 0.283 0.341 0.955 0.970 0.917 0.935 0.700 0.393
MindBridge (Wang et al., 2024) 0.151 0.263 0.877 0.955 0.924 0.947 0.712 0.418
NeuroPictor (Huo et al., 2024) 0.229 0.375 0.965 0.984 0.945 0.933 0.639 0.350
MindEye2 (Scotti et al., 2024) 0.322 0.431 0.961 0.986 0.954 0.930 0.619 0.344
MindTuner (Gong et al., 2025) 0.322 0.421 0.958 0.988 0.956 0.938 0.612 0.340
Brain-IT (Beliy et al., 2025) 0.386 0.486 0.984 0.995 0.973 0.964 0.564 0.320

Ours 0.408 0.427 0.982 0.995 0.981 0.991 0.529 0.308

Figure 3. Qualitative reconstructions on the clean train-only split. Each panel shows ground-truth images and the corresponding
reconstructions generated with the same single-rendering protocol. The comparison illustrates the PixCorr–SSIM trade-off introduced
by fixed, target-independent post-processing.

Table 2. Resource audit for recent NSD reconstruction methods. A check mark indicates reported use of the corresponding
resource. The goal is not to penalize richer protocols, but to separate them from the brain-measurable claim made here.

Method Other
subjects

Caption/VLM
training

Target-side
caption/feature

Oracle
rerank

MindEye (Scotti et al., 2023) – – – ✓
MindEye2 (Scotti et al., 2024) ✓ – – –
NeuroPictor (Huo et al., 2024) ✓ ✓ – –
MindBridge (Wang et al., 2024) ✓ – – –
MindTuner (Gong et al., 2025) ✓ – – –
Ours – – – –

and oracle reranking are more directly relevant to the provenance claim because they can supply held-out stimulus
information at inference.
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Figure 4. Paired reconstruction view. Representative held-out viewed images and corresponding reconstructions are shown under
the fixed protocol. This is not a best-of-N display; no target-guided candidate selection is used.

Table 3. Full information-provenance ablation on the clean train-only split. Values are mean±std over independent seeds at
a fixed diagnostic operating point. Mismatch fMRI replaces the measured response with a different test response and collapses
identification metrics to chance.

Condition Pix.↑ SSIM↑ Alex-2↑ Alex-5↑ Inc.↑ CLIP↑ Eff.↓ SwAV↓

Combined latent+tokens 0.536 ± 0.000 0.311 ± 0.001 0.996 ± 0.001 0.999 ± 0.000 0.997 ± 0.001 0.999 ± 0.000 0.308 ± 0.001 0.143 ± 0.001
Token only 0.631 ± 0.002 0.345 ± 0.001 0.998 ± 0.000 0.999 ± 0.000 0.998 ± 0.001 0.999 ± 0.000 0.280 ± 0.001 0.130 ± 0.000
Latent only 0.050 ± 0.002 0.062 ± 0.001 0.517 ± 0.003 0.516 ± 0.004 0.502 ± 0.005 0.501 ± 0.004 0.998 ± 0.000 0.732 ± 0.001
Mismatch fMRI 0.037 ± 0.002 0.174 ± 0.001 0.497 ± 0.002 0.493 ± 0.001 0.498 ± 0.002 0.497 ± 0.002 0.981 ± 0.001 0.646 ± 0.001

Table 4. Full sampler-strength audit for the combined latent-plus-token pathway. The same trained model and evaluator are used
for all rows. Increasing strength monotonically improves the combined pathway and brings it close to the token-only operating point.

Condition Strength Seeds Pix.↑ SSIM↑ Eff.↓ SwAV↓

Combined 0.45 3 0.4022 ± 0.0018 0.2870 ± 0.0010 0.403 0.199
Combined 0.55 3 0.4742 ± 0.0016 0.2958 ± 0.0006 0.338 0.159
Combined 0.65 3 0.5361 ± 0.0003 0.3109 ± 0.0006 0.308 0.143
Combined 0.75 3 0.5814 ± 0.0012 0.3256 ± 0.0003 0.292 0.136
Combined 0.85 3 0.6112 ± 0.0001 0.3379 ± 0.0003 0.285 0.133
Combined 0.90 3 0.6244 ± 0.0008 0.3431 ± 0.0007 0.282 0.131
Combined 0.95 3 0.6293 ± 0.0017 0.3450 ± 0.0009 0.282 0.130
Combined 1.00 2 0.6332 ± 0.0011 0.3469 ± 0.0000 0.280 0.130
Token only 0.65 3 0.6306 ± 0.0020 0.3454 ± 0.0011 0.280 0.130

6.3. Information-Provenance Ablation

The central audit is whether generated images follow the measured fMRI response. Table 3 provides the full eight-metric
ablation in the main text, and Figure 5 visualizes the same footprint across normalized metrics. This diagnostic uses
a fixed ablation operating point for channel comparisons, so the absolute values should be read separately from the
headline row in Table 1. Mismatching the fMRI response collapses two-way identification to chance, confirming that
the frozen generator and sampler do not determine the viewed stimulus alone. Latent-only conditioning also collapses,
indicating that the fMRI-predicted VAE latent provides a coarse anchor but not object identity. Token-only conditioning
recovers most of the reconstruction signal, identifying brain-derived cross-attention tokens as the dominant generative
channel.

6.4. Sampler-Strength Audit

The combined latent-plus-token pathway depends on the sampler operating point. DDIM image-to-image strength
controls how much the denoising trajectory can move away from the initial latent. At low strength, the predicted latent
can overconstrain the generation and suppress token information. At higher strength, the sampler relies more strongly
on brain-derived tokens. Table 4 and Figure 6 show a monotonic improvement from strength 0.45 to 1.00, converging
toward the token-only operating point. This suggests that the latent pathway acts as a structural initialization whose
measured value depends on sampler calibration.
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Figure 5. Provenance-ablation footprint. Each axis is a standard reconstruction metric; perceptual distances are inverted for
visualization. Mismatch fMRI and latent-only collapse, while token conditioning preserves the main target-specific signal.

Figure 6. Sampler-strength diagnostic. Increasing image-to-image strength changes how much the frozen denoiser follows
brain-derived tokens rather than the initial latent.
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Table 5. Extended learning-dynamics trace. Each row is a fixed-sampler standard-8 evaluation at a different Phase-II checkpoint.
Identification metrics approach ceiling early, while low-level and perceptual metrics continue improving.

Time Pix.↑ SSIM↑ Alex-2↑ Alex-5↑ Inc.↑ CLIP↑ Eff.↓ SwAV↓

30m 0.156 0.279 0.630 0.705 0.702 0.773 0.886 0.544
1h 0.168 0.255 0.787 0.905 0.927 0.975 0.689 0.385
5h 0.203 0.251 0.888 0.964 0.977 0.993 0.560 0.292
10h 0.297 0.259 0.971 0.993 0.990 0.997 0.456 0.223
15h 0.431 0.280 0.992 0.998 0.996 0.998 0.369 0.173

Figure 7. Learning-dynamics diagnostic. The larger two-column layout makes the epoch-level trends readable. Semantic
identification metrics saturate early, while low-level and perceptual metrics continue improving under the same fixed sampler.

Table 6. Fixed operating-point calibration and seed stability. All rows use 982 shared-test images. Calibration parameters are
global and target-independent.

Setting Pix.↑ SSIM↑ Alex-2↑ Alex-5↑ Inc.↑ CLIP↑ Eff.↓ SwAV↓

Selected calibrated operating point 0.423 0.336 0.956 0.987 0.964 0.988 0.609 0.229
Balanced operating region, 3 seeds 0.431 ± 0.002 0.337 ± 0.001 0.955 ± 0.001 0.985 ± 0.000 0.961 ± 0.001 0.986 ± 0.001 0.619 ± 0.001 0.230 ± 0.001

Table 7. Representation-side VAE/low-frequency probe. Lower-resolution VAE/low-frequency targets become increasingly
predictable from fMRI, supporting the role of the latent channel as a coarse structural anchor rather than a complete semantic
generator.

Target Hidden Val MSE/dim ↓ Val cosine ↑

full 32× 32 1024 0.637 0.128
pooled 16× 16 4096 0.387 0.156
pooled 8× 8 1024 0.290 0.178
pooled 4× 4 4096 0.222 0.204
pooled 2× 2 4096 0.156 0.233

6.5. Learning Dynamics

We examine whether the brain-to-diffusion interface improves with training time. Table 5 and the two-column Figure 7
show diagnostic traces under a fixed sampler; Appendix C provides a matched qualitative progression over training
time. High-level two-way identification metrics approach ceiling early, while PixCorr, SSIM, EfficientNet, and SwAV
continue improving. This pattern is inconsistent with a purely caption-like decoder: after semantic identification
saturates, the system continues to refine structural visual information.

6.6. Fixed Calibration and Representation Probe

We also report two practical diagnostics in the main text. First, Table 6 shows that a nearby calibrated operating
region is stable across seeds. Calibration parameters are global and target-independent; they are not selected per image.
Second, Table 7 tests whether low-frequency latent targets become more predictable from fMRI. The trend supports the
interpretation that the latent pathway is a coarse structural anchor rather than a complete semantic generator.
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7. Analysis
The frozen prior is necessary but not sufficient. The generator supplies natural-image structure, but the mismatch-
fMRI ablation shows that it cannot recover the viewed stimulus without the correct brain response. Replacing the
measured response collapses identification metrics to chance. This provides central evidence that target specificity
comes directly from fMRI-predicted controls rather than the frozen prior alone.

The token channel carries the main generative signal. The cross-attention sequence serves as the primary path by
which visual identity reaches the denoiser. Combined with the structural initialization provided by the latent branch, the
two pathways synergize to decode the brain signal, with their exact balance modulated by the sampler strength.

CLIP supervision is not a target oracle. CLIP is used strictly as a training teacher, not a test-time input. The
teacher defines a loss, and the deployed predictor must infer the relevant coordinate exclusively from fMRI. Leakage
would occur if the target image’s CLIP feature, caption, or VLM description were supplied at inference; our deployed
generator receives none of these.

Why this matters beyond fMRI. Many scientific DGM applications share a common structure: a weak measurement
is fed into a powerful generator, and realism is often mistakenly treated as sufficient evidence of measurement
informativeness. Our results emphasize that sample quality must be accompanied by a rigorous information audit.
Verifying exactly which variables entered the generator—and whether they were measured, predicted, retrieved, or
selected—is essential for any scientific discovery relying on generative models.

8. Discussion
This work reframes fMRI reconstruction as a provenance-controlled evaluation problem. Our brain-measurable decoder
achieves competitive performance without using target-side shortcuts like captions, oracle retrieval, or best-of-N
selection.

Our ablations confirm that the generated visual identity is strictly driven by the measured brain response, rather than
the frozen image prior. Furthermore, diagnostics show that the learned cross-attention tokens and latent initialization
synergize effectively to decode the visual signals.

Reproducibility. All experiments rely on the standardized NSD split described in Section 5, ensuring zero identity
overlap between training and the 982 shared-test images. The complete training procedure, model architecture (frozen
SD1.5 modules), and single-rendering inference settings are fully specified to ensure our provenance claims are
transparent and verifiable.

Limitations. To establish a strict baseline, we currently focus on NSD subj01 and forgo best-of-N selection. Natural
next steps include expanding to a multi-subject benchmark, incorporating human preference metrics, and further
interpreting the internal representations of the frozen UNet.

Conclusion. Brain-measurable diffusion decoding provides a rigorous framework for applying powerful foundation
models to scientific reconstruction tasks. By demanding that all target-specific controls be predicted directly from
measurements, it yields competitive fMRI reconstructions without confounding evaluation with target-side shortcuts.
Ultimately, we demonstrate that generative evaluation should measure not just the visual quality of a sample, but also
the true source of its information.

Impact Statement
This work advances the evaluation and interpretability of diffusion models in scientific discovery by making fMRI
decoders more auditable. While improved neural decoding can raise mental-privacy concerns, our system requires
subject-specific fMRI calibration and a controlled stimulus protocol, and is not a deployable mind-reading tool.
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A. Decision-Rule View of Selection
The main paper uses a single-rendering protocol. For completeness, this appendix records the more general decision-rule
notation. Let a brain representation gθ(X) induce a candidate distribution

Yi
i.i.d.∼ Pθ(· | gθ(X)), CN (X) = {Y1, . . . , YN}. (11)

A selector q returns
Ŷq,N = Yargmax1≤i≤N q(Yi,gθ(X)). (12)

Thus a stochastic decoder is the triple δ = (gθ, q,N). If q uses the target image or target-derived features, the protocol
is no longer equivalent to a brain-measurable single-rendering decoder.

For fixed (X,Y ) and utility u(y, Y ) ∈ [0, 1], the gap between the best possible image and the selected candidate can
be decomposed into representation, sampling, and selection-alignment terms. Our main protocol sets N = 1, so the
selection-alignment term is absent by construction.

B. Additional Experimental Details
Data handling. The reported audit uses subject-01 NSD beta responses under the nsdgeneral voxel mask. We
form the training set only from non-shared NSD images and remove every official shared-image identity from the
training tensor before fitting the decoder. The evaluation set contains 982 valid shared-test examples after intersecting
available fMRI trials, images, reconstructions, and metric files. No test image, caption, CLIP image embedding, VAE
latent, or retrieval index is used to choose a reconstruction.

Phase-I targets. The visual teachers are computed once from the training images and then frozen. The VAE target
is the SD1.5 autoencoder latent; the CLIP target is the frozen CLIP image embedding. These teachers supervise the
mapping from fMRI to visual coordinates, but at test time the model only receives Xtest. In symbols, the deployed
variables are

ẑtest = fz(fθ(Xtest)),

ĉtest = fc(fθ(Xtest)),
(13)

not oracle targets computed from Ytest.

Phase-II conditioning. Phase II freezes the Phase-I fMRI encoder and learns a BrainCondAdapter that maps the
brain representation into cross-attention tokens for the frozen SD1.5 denoiser. The denoising loss samples timestep t,
noise ϵ, and noised latent zt in the usual latent-diffusion form. The alignment term encourages the learned tokens to
preserve the CLIP-supervised visual coordinate without supplying target text at inference.

Inference and calibration. Each test example is reconstructed once with fixed DDIM parameters: 30 steps, strength
0.46, guidance scale 5.0, and seed 9. The reported clean benchmark applies one global, target-independent calibration
setting to all reconstructions. This calibration is allowed because it is selected without seeing target identities or
per-image metric feedback; it should be read as display normalization rather than image-specific post-processing.

Reporting discipline. We separate three evidence types. The clean benchmark is the primary row because it uses the
strict single-rendering information contract. Diagnostic tables vary one factor at a time, such as sampler strength or
checkpoint epoch, to explain behavior. Development evidence is not used as the headline claim unless it satisfies the
same no-oracle, no-retrieval, no-best-of-N rule.

C. Qualitative Learning Progression
Figure 8 shows matched held-out stimuli reconstructed at several Phase-II training checkpoints. The panel is diagnostic
rather than a separate benchmark: the stimuli, sampler family, and display layout are held fixed while the brain-to-
diffusion interface improves over training time. The qualitative trend mirrors Section 6.5: coarse semantic structure
emerges early, while object shape, viewpoint, and local visual detail become more stable at later checkpoints.
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Figure 8. Qualitative reconstruction progression across training time. Fixed held-out NSD samples are shown across multiple
Phase-II checkpoints. The progression is included as a diagnostic visualization of the learning-dynamics trace, not as an additional
selection or reranking protocol.

D. Principle: Brain-Measurable Diffusion Decoding
The main principle is to distinguish where a representation was learned from what information enters at inference. A
target-side foundation model can be a useful teacher during training, but the deployed reconstruction is brain-measurable
only when every target-specific control is predicted from fMRI. This gives a simple audit rule:

Info(Ŷ ) ⊆ Info(Xtest, θ
⋆, η), (14)

where θ⋆ denotes fixed learned parameters and η denotes fixed sampler randomness. The set should not include Ytest,
target captions, target CLIP features, retrieval neighbors, or evaluation-pool labels.

This criterion is stricter than ordinary sample-quality evaluation. A powerful diffusion prior may fill in plausible texture,
but plausibility alone does not show that the missing information came from the brain measurement. The ablations
in Section 6.3 are designed around this principle: mismatched fMRI tests whether outputs follow the measurement,
latent-only decoding tests whether the VAE initialization is sufficient, and token-only decoding tests whether learned
cross-attention controls carry the main semantic signal.

The principle also explains why we emphasize sampler diagnostics. DDIM strength changes the relative influence of
the fMRI-predicted latent and the fMRI-predicted tokens. A fixed sampler is therefore part of the scientific protocol,
not a cosmetic rendering choice. Reporting the sampler-strength curve makes the operating point auditable and prevents
a hidden hyperparameter from being mistaken for a new source of brain information.


