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Abstract

Understanding how neural activity gives rise to perception remains a fundamental
challenge in neuroscience. Here, we address the problem of visual decoding from
high-density intracortical recordings in primates using the THINGS Ventral Stream
Spiking Dataset. We systematically evaluate the effects of model architecture, loss
function, and temporal aggregation, showing that decoding accuracy is primarily
driven by temporal dynamics rather than architectural complexity. A lightweight
model combining temporal attention with a shallow MLP achieves up to 70% top-1
image retrieval accuracy, outperforming linear and recurrent baselines. Building
on this, we introduce a modular generative pipeline that combines low-resolution
latent reconstruction with semantically guided diffusion. By generating and ranking
multiple candidate images via rejection sampling, our approach enables photo-
realistic reconstructions from 200 ms of brain activity. These results provide
actionable insights for neural decoding and establish a flexible framework for
future brain–computer interfaces and semantic reconstruction from brain signals.

1 Introduction

A complete account of perception and behavior must bridge neural representations with mental states,
linking spikes and field potentials to the contents of subjective experience and overt action. Recent
progress in cognitive science and computational neuroscience has been catalyzed by three intertwined
developments. First, community-driven efforts now release large, meticulously curated datasets that
pair rich sensory stimulation with high-resolution neural recordings [1, 15, 5, 14]. Second, advances
in machine learning—particularly deep generative modeling and scalable optimization—provide
expressive function classes capable of capturing the complex structure of brain–world mappings
[2, 22, 3]. Third, experimental practice is changing from wide surveys of many individuals to deep,
longitudinal studies that expose a few subjects to tens of thousands of stimuli, drastically increasing
statistical power [19]. These factors have revived bidirectional modeling of the stimulus–brain
relationship. Encoding models predict neural responses from sensory features, helping to understand
the functional organization of the cortex. In contrast, decoding models seek to reconstruct stimuli,
or latent variables relevant to a task, from brain activity, a line of work central to both basic science
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and emerging brain-computer interfaces. Successes span multiple modalities (EEG, MEG, fMRI,
ECoG, and Utah array recordings) and cognitive domains, including language comprehension, speech
production, music, and vision [4, 22].

Recent advances in visual decoding have largely focused on non-invasive data such as fMRI [22, 4, 2,
12, 16, 8, 10, 11], utilizing pretrained vision-language models such as CLIP combined with linear
regression or contrastive learning. These approaches enable retrieval-based decoding and, when
integrated with diffusion models, increasingly realistic image reconstruction [23, 9, 21, 29, 30, 6, 33].
Invasive approaches (e.g., ECoG) offer higher-resolution decoding, though they have historically been
limited by the dataset scale. The release of the THINGS Ventral-Stream Spiking Dataset (TVSD) [24]
marked a turning point, providing large-scale recordings from primate V1, V4, and IT paired with
a diverse set of visual stimuli. Based on this, the MonkeySee study [20] introduced a CNN-based
decoder with inverse retinotopic mapping, adversarial training, and VGG-based perceptual losses to
achieve high-fidelity reconstructions.

Even with invasive data, key questions persist: What properties of intracortical spike trains carry
the information necessary for high-fidelity decoding? How do architectural choices, such as linear
versus non-linear models, temporal aggregation windows, loss functions, shape performance limits?
And how do these factors interact with scale, both in terms of training data and in terms of the
dimensionality of neural input? To address these questions, we adopt a decoding approach grounded
in semantic understanding.

Our study begins with a zero-shot retrieval setup to assess the quality of the brain-to-vision mapping.
Instead of relying on generative models—known to suffer from confounds due to strong image priors
[31]—we use frozen CLIP embeddings and retrieval from a fixed candidate set. This approach
enables controlled evaluation of model class, temporal structure, and data scaling on decoding
performance. However, retrieval has inherent limitations: its reliance on a predefined candidate set
restricts generalization. For this reason, we turn to the more ambitious goal of generative decoding.
We introduce a two-stage generative decoder in which candidate images are sampled from a frozen
generative prior and filtered via rejection sampling guided by a learned neural likelihood.

2 Material & Methods
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Figure 1: Architecture of our neural-to-semantic visual decoding pipeline. Brain responses recorded
via intracortical multi-unit activity (MUA) during visual stimulation are passed through a temporal
attention module followed by a shallow MLP to predict image embeddings in the CLIP space.

In this work, we propose a brain decoding framework to estimate the embedding of a visual stimulus
directly from primate neural recordings (Figure 1). The goal is to reconstruct a meaningful repre-
sentation of the perceived image from intracortical data, allowing two downstream applications: (i)
stimulation retrieval, where the estimated embedding is compared against a set of candidate stimuli,
and (ii) image generation, where the predicted embedding is used as input to a generative model to
synthesize a recognizable version of the original visual input.

2.1 Data

We perform our analysis on both Monkey F and Monkey N, from the THINGS Ventral Stream
Spiking Dataset (TVSD) [24]. This data set comprises intracortical multi-unit activity (MUA)
recorded from 15 Utah arrays implanted in visual areas V1, V4, and IT of two macaque monkeys.
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Neural responses were collected while the monkeys passively viewed 22,248 unique natural images
from the THINGS database, covering a wide distribution of object categories. Each image was
presented once for 200 ms, interleaved with 200 ms of a gray screen. The recordings were sampled
at 30 kHz and temporally aligned with stimulus onset. For decoding, we used a 200 ms post-
stimulus window. A subset of 100 images was presented 30 times each to the same subject and
held out for evaluation, while 10% of the training set samples were held out as the validation set for
hyperparameter optimization. Retrieval during testing was always performed among these 100 unique
images, without including repeated trials. This design enables both training on a large-scale dataset
and reliable, low-noise testing. The neural data was pre-processed as follows. Let Xraw ∈ RN×T×C

denote the raw MUA, with N the number of samples, T = 200 timepoints, and C = 1024 channels.
The MUA data was standardized by z-scoring each channel across all timepoints and samples in the
training set. The same normalization parameters were then applied to the test set.

2.2 Neural Model

In this section, we describe our proposed decoding model. The target representations Y ∈ RN×D,
with D = 512, consist of high-level visual embeddings corresponding to the presented images,
computed from the pre-trained CLIP visual encoder [27]. In order to learn a mapping from MUA
signals to the corresponding image embedding, we propose a neural architecture that can take into
account the time evolution of the neural response. The model is designed to account for the temporal
dimension of the neural sequence and project the aggregated representation to the 512-dimensional
target space.

Given an input tensor X ∈ RN×T×C , the model computes a soft attention over time points: α =
σ(WattnX + b) ∈ RN×T×1 where Wattn denotes a linear layer and σ is the activation of the sigmoid.
The attended representation is calculated as: z = 1

T

∑T
t=1 αtXt ∈ RN×C The vector z is then

projected into the output space via a multilayer perceptron consisting of two fully connected layers
with GELU activation and dropout: Ŷ = W2 · Dropout(GELU(W1z + b1)) + b2 ∈ RN×D.

The training objective is a contrastive loss based on cosine similarity between predicted and ground-
truth embeddings. Let S ∈ RN×N be the cosine similarity matrix between Ŷ predicted outputs and
Y targets: Sij =

ŷ⊤
i yj

∥ŷi∥ ∥yj∥ The loss function is a variant of the NT-Xent loss with temperature scaling

τ , learned during training: Lcontrastive = − 1
N

∑N
i=1 log

(
exp(Sii/τ)∑N

j=1 exp(Sij/τ)

)
.

We benchmark our model against: (i) linear model with attention, (ii) linear model with temporal
averaging, (iii) MLP with averaging, (iv) recurrent network, and (v) temporal convolutional network.
The overall architecture of each benchmark is described in Appendix A.1. Hyperparameters, including
learning rate, batch size, network depth for deep models, and regularization strength, were selected
based on the performance of the validation set.

2.3 Decoding Tasks

In order to assess the quality of the predicted embeddings, we performed a retrieval task, where each
predicted embedding ŷi from the test set is matched against all ground truth embeddings {yj}Nj=1,
and the nearest neighbors are retrieved based on cosine distance. After generating predictions for
all test samples in evaluation mode, we collected both the predicted embeddings Ŷ ∈ RN×D and
the corresponding ground truth embeddings Y ∈ RN×D. The cosine distance was used to compute
nearest neighbors in the embedding space: dist(ŷi, yj) = 1 − Sij = 1 − ŷ⊤

i yj

∥ŷi∥∥yj∥ . For each test
sample i, we identified the top-k most similar ground truth embeddings over the test set. We computed
the proportion of test samples for which the nearest neighbor is the ground truth target embedding,
i.e., when the index of the closest neighbor matches the sample index (Top-1 Accuracy). We also
evaluated the proportion of test samples for which the ground truth embedding appears within the
top-5 retrieved neighbors (denoted as Top-5 Accuracy). This retrieval setup provides a quantitative
measure of the semantic similarity between predicted and target embeddings, and acts as an indirect
proxy of brain to image representation mapping quality in form of a decoding metric.

In addition to retrieval-based evaluation, we explore a generative setting in which predicted neural
embeddings are used to synthesize images. We use the Stable Diffusion model as the generative
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backbone [26]. In order to condition the model on high-level visual embeddings, we incorporate the
IP-Adapter module [35] into the diffusion pipeline. This adapter enables conditioning via learned
visual representations rather than textual prompts. We first train our neural model with output
dimensionality matching that of the IP-Adapter input (e.g., 1280) to predict visual embeddings
from MUA data. In a second setup, we train the same model to directly predict the flattened
latent representation of the image expected by the Stable Diffusion VAE (i.e., a tensor of shape
4 × 32 × 32). Given the predicted visual embedding and structural latents, we generate different
images for each test sample using classifier-free guidance. The predicted structural latents are only
used to evaluate the low-resolution version of the image estimated from neural signals. Our approach
is inspired by the recent trend to increase test time computation in AI systems [7, 17]. Using the
strong mapping between brain activity and semantic content, and the ability of generative models to
reconstruct semantically coherent images, we first generate N candidate semantic images for each
trial. Simultaneously, we evaluate the low-resolution image reconstruction that preserves the primary
structure (i.e., overall shape and color) from brain activity. We further compare the generated images
with the low-resolution preview decoded by the VAE using the predicted latents and computing
Structural Similarity (SSIM) [32] to rank the outputs.

2.4 Scaling Laws

In order to investigate how the performance of the decoding model scales with different properties of
the input data, we conducted two different sets of controlled experiments evaluating the impact of
(i) the input dimensionality, and (ii) the size of the training set (i.e., number of available samples).
We applied Principal Component Analysis (PCA) to the MUA signals across channels to analyze
input dimensionality impact on performance. We fitted PCA models with different components, and
projected both the training and test sets into the reduced channel subspace. The resulting PCA-reduced
data had shape RN×T×C′

, where C ′ < C is the selected number of components. This allowed us
to test the model under different values of C ′ while keeping the temporal resolution constant. To
evaluate the effect of training data size on model performance, we subsampled the training set in a
different scenario using a random selection of N ′ samples, with N ′ < N . Specifically, we randomly
selected a fixed number of training samples, using a controlled random seed for reproducibility. The
test set remained fixed across all experimental conditions.

3 Results

We evaluated the decoding performance using a retrieval task in which the predicted visual em-
beddings were matched against the ground-truth embeddings of all test samples. The model was
considered successful if the correct target appeared within the top-k nearest neighbors, with Top-1 and
Top-5 accuracy used as metrics. Table 1 reports the retrieval accuracy across different decoding mod-
els and feature processing strategies. Our best-performing model combines temporal attention with a
shallow MLP, achieving the highest retrieval performance. Sequence-based models such as LSTMs
did not outperform simpler baselines, despite dedicated hyperparameter tuning (see Appendix A.2),
indicating that complexity alone does not improve decoding.

Table 1: Retrieval performance averaged over five seeds and two primates with different decoding
models (using all channels). Best results in bold.

Decoding Model Top-1 Accuracy Top-5 Accuracy
MSE Loss NT-Xent Loss MSE Loss NT-Xent Loss

Linear/TimeFlat 10.1% ± 2.10% 41.3% ± 3.92% 27.3% ± 2.89% 72.6% ± 5.66%
Linear/AvgTime 21.4% ± 1.36% 54.9% ± 1.53% 45.0% ± 2.97% 86.0% ± 1.50%
LSTM 11.0% ± 1.41% 37.7% ± 2.06% 30.2% ± 1.60% 73.7% ± 2.37%
Binning LSTM 16.1% ± 2.01% 56.1% ± 1.88% 40.8% ± 1.96% 85.3% ± 2.37%
TCN 17.0% ± 2.39% 58.3% ± 3.11% 44.1% ± 2.56% 86.6% ± 1.77%
Linear/TimeAtt 19.4% ± 3.11% 62.7% ± 2.79% 42.8% ± 2.70% 89.4% ± 1.34%
MLP/AvgTime 24.0% ± 1.10% 65.5% ± 2.08% 50.6% ± 2.42% 90.1% ± 2.48%
MLP/TimeAtt 22.4% ± 3.14% 69.3% ± 2.38% 48.8% ± 3.54% 93.6% ± 1.03%

Attention Weights
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In order to gain insight into the temporal focus of the decoding model, we extracted and visualized
the attention weights produced by our neural model over the entire test set. For each input sample
x ∈ RT×C , the model outputs a sequence of attention scores α ∈ RT reflecting the relative
importance of each time point in the final prediction. During inference, we aggregated the attention
weights for all test samples and constructed a matrix A ∈ RN×T , where each row corresponds
to a test trial and each column to a time point. The analysis reveals interpretable patterns in the
temporal sensitivity of the model (see Figure 2). The resulting attention maps align with known
neurophysiological dynamics (50–100 ms post-stimulus), showing that selective temporal integration
is more effective than modeling temporal dependencies end-to-end.

Figure 2: Heatmap of attention weights for the test set (right side) and average weights plot over the
entire set (left side). Warmer colors of the heatmap indicate higher attention weights.

Scaling Laws

We investigated how model performance scales with neural feature dimensionality and the size of
the training dataset. As illustrated in Figure 3 (left), increasing the number of principal components
retained after applying PCA to the neural data consistently improves top-1 and top-5 classification
accuracy. The trends are approximately logarithmic, as confirmed by a log-fit model, with large
initial gains followed by diminishing returns beyond 256 dimensions. This supports the idea that
while semantic information spans a high-dimensional neural space, a low-rank subspace can capture
most of the information required for coarse-grained decoding. On the right (Fig 3), we observe a
strong scaling trend with respect to training set size. Performance improves rapidly as the number
of training examples increases, particularly between 100 and 5000 samples. Although gains persist
beyond 10,000 samples, they begin to taper off, indicating a regime of diminishing returns. Both plots
exhibit classic scaling law behavior [28, 2, 3, 18], where more data or higher-capacity representations
improve performance predictably, albeit with sublinear returns.

Figure 3: Left: Top-1 and Top-5 classification accuracy as a function of PCA dimensionality applied
to neural channels. Accuracy increases logarithmically with dimensionality, as shown by high R2 in
the log-fit curves. Right: Top-1 and Top-5 accuracy as a function of training set size. Performance
scales log-linearly with data, underscoring the importance of dataset size in brain-based visual
decoding.

Image Reconstruction

We evaluated the generative potential of our brain decoding model by estimating the latent representa-
tions required to guide the pre-trained diffusion model. Figure 4 shows representative examples of the
image generation results. For each test sample, we display the original stimulus, the low-resolution
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preview decoded from the brain-inferred latents (using the VAE component of the model) and the
high-resolution reconstruction generated by the diffusion model conditioned on the estimated visual
embedding. Reconstructions are ranked on the basis of the Structural Similarity index.

Figure 4: Examples of image reconstructions from neural activity. Each triplet shows the original
image (left), a low-resolution baseline (middle), and our reconstruction (right) with corresponding
SSIM score. The generations capture essential attributes such as object structure, color distribution,
and general content.

4 Discussion & Conclusion

We explored the main factors influencing visual decoding accuracy from primate intracortical record-
ings, focusing on temporal modeling, model complexity and loss functions. We also examined
whether semantic decoding can support high-fidelity image reconstruction.

A soft-attention aggregator combined with a shallow MLP consistently outperformed both linear and
recurrent baselines, supporting our core claim that selective temporal integration matters more than
modeling complex temporal dependencies end-to-end. High-resolution neural data contain many
low-informative timepoints: sequence models propagate all of them, which increases noise sensitivity.
In contrast, our mechanism learns to upweight the most informative intervals, effectively filtering
out noisy or irrelevant fluctuations. Our model that explicitly retain temporal resolution consistently
outperformed temporally averaged baselines. This finding emphasizes that the MUA signal carries
rich semantic content that shows a peak from 50 to 100 ms after stimulus onset and slowly decays.

To ensure interpretability, we prioritized retrieval-based evaluation over direct image generation. By
mapping neural activity to a fixed, semantically grounded embedding space (CLIP), we bypassed the
confounding influence of strong generative priors that often obscure whether high-quality outputs
really reflect accurate brain decoding [31]. Based on the reliability of our retrieval results, we
extended the framework to generative decoding using a modular two-stage pipeline. We first sampled
candidate images from a frozen diffusion prior and then applied rejection sampling based on SSIM,
enabling reconstructions that combine semantic accuracy with structural faithfulness.

The scaling trends provide practical guidance for experimental design: to optimize decoding, the most
effective thing is to acquire more diverse trials. Increasing input dimensionality—such as through
higher channel count—also contributes to performance gains. Next-generation BCI systems could
prioritize large-scale data collection and ultra-high-density recordings.

Despite these advances, several limitations remain. Retrieval is restricted by a fixed candidate
pool, and CLIP embeddings may not fully align with non-human representations [34]. Pre-trained
generative models still introduce priors, and more expressive non-linear models may further improve
decoding. Our passive viewing task omits top-down effects such as attention or memory. Finally,
translating this work to human settings raises ethical concerns around neural privacy and informed
consent [36].
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A Technical Appendices and Supplementary Material

This section provides additional qualitative and quantitative results to support the main find-
ings of the article, particularly with regard to the advantages of contrastive learning in the
brain decoding task. Code is available at this repository: https://github.com/fidelioc55/
monkeys-ieeg-decode.

In order to qualitatively assess the decoding performance, we select some random images and
visualize the retrieved nearest neighbors in the image space based on the predicted CLIP embeddings
with our model. For each test image, we display the original stimulus along with its top-5 neighbors
retrieved from the test set (Figure 5).

Figure 5: Top-5 image retrieval examples based on predicted embeddings. Each row shows one test
sample: the original image (left) and the five nearest neighbors retrieved from the test set.

A.1 Evaluation of Decoding Models

In order to contextualize the performance of our proposed model, we compare it against several
standard baselines. The following baseline models were considered:

• Linear Model with Temporal Attention: similar to the proposed model, this variant uses the
same temporal attention mechanism, but replaces the final MLP with a single linear layer to
project the representation to the CLIP embedding space.

• Linear Model with Temporal Averaging: a linear regression trained on neural features
obtained by averaging the MUA signal over the temporal dimension, i.e., reducing each trial
from RT×C to RC .

• Linear Model on Flattened Input: a linear regression trained on the fully flattened MUA,
reshaped from RT×C to a 1D-vector RT ·C .
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• MLP with Temporal Averaging: a feedforward neural network trained on the same time-
averaged representation as above, introducing non-linearity over the input features at channel-
wise level.

• Recurrent neural network: an LSTM processes the MUA sequence over time. The last
hidden state of the LSTM is extracted and passed through a projection layer to obtain the
predicted embedding.

• LSTM with Temporal Binning: following standard practice in spike-based decoding [13],
we apply temporal binning to aggregate the neural sequence into coarser windows before
feeding it to the LSTM. The binning step aggregates consecutive timepoints into non-
overlapping windows by averaging neural activity within each window (20 ms as the best
performing).

• Temporal Convolutional Network: a model composed of stacked 1D convolutional layers,
followed by adaptive average pooling to reduce the temporal dimension. The pooled
representation is then passed through an MLP to produce the final embedding.

Metric MLP/TimeAtt Linear/TimeAtt MLP/AvgTime

Pixel Correlation ↑ 0.140 ± 0.163 0.151 ± 0.167 0.156 ± 0.163
SSIM ↑ 0.364 ± 0.199 0.356 ± 0.202 0.342 ± 0.206
MSE ↓ 0.110 ± 0.020 0.111 ± 0.024 0.107 ± 0.018
Cosine Similarity ↑ 0.811 ± 0.108 0.815 ± 0.123 0.801 ± 0.100
InceptionV3 ↑ 0.868 ± 0.225 0.836 ± 0.236 0.808 ± 0.230
CLIP ↑ 0.879 ± 0.201 0.842 ± 0.229 0.827 ± 0.245
EffNet Distance ↓ 0.792 ± 0.144 0.822 ± 0.139 0.827 ± 0.137
SwAV Distance ↓ 0.492 ± 0.111 0.516 ± 0.114 0.528 ± 0.117

Table 2: Quantitative evaluation of three decoder variants across multiple metrics. Metrics marked
with ↑ are better when higher (e.g., similarity or structural alignment), while those with ↓ are better
when lower (e.g., error or distance). Bold values indicate the best score per row.

Table 2 reports the evaluation metrics in image reconstruction for the best three model configurations.
Across all metrics, the three variants exhibit similar performance, with subtle differences depending
on the evaluation criterion. MLP with time attention shows better results in perceptual and semantic
metrics (e.g., CLIP), indicating stronger high-level feature alignment. Linear model or averaging
the time information performs well on loss-like metrics and pixel correlation, suggesting effective
representation matching and favoring low-level reconstruction. These results underscore the im-
portance of evaluating reconstruction not just with pixel-wise losses but also with perceptual and
embedding-based metrics, which better reflect the semantic fidelity of the decoded stimuli.

Layer MonkeySee Spatial MonkeySee ST MLP/TimeAtt (Gen) MLP/TimeAtt (Retr)

conv1 0.358 0.372 0.528 0.874
conv2 0.320 0.334 0.368 0.819
conv3 0.429 0.443 0.335 0.808
conv4 0.385 0.401 0.319 0.804
conv5 0.292 0.318 0.305 0.798
FC6 0.344 0.377 0.522 0.839
FC7 0.534 0.579 0.500 0.827
FC8 0.579 0.610 0.712 0.884

Table 3: Feature correlation (mean Pearson) between AlexNet features extracted from reconstructed
and original images, across different decoding models (MonkeySee as a baseline).

Table 3 compares feature correlations across AlexNet layers between our MLP/TimeAtt model (gen-
erative and retrieval frameworks) and the MonkeySee baselines. Focusing on the generative variant
(third column), our model consistently outperforms both MonkeySee Spatial and Spatiotemporal in
the early convolutional layers (conv1 and conv2). This suggests that the rejection sampling procedure,
which selects generated images based on low-level SSIM from a pool of candidates, effectively
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Model Hyperparameter Best Value

TCN

Learning Rate 1e-3
Conv. Channels 256
Hidden Dim. 256
Kernel Size 7
Num. Layers 2
Loss Type CL

LSTM

Learning Rate 1e-4
LSTM Hidden Dim. 512
MLP Hidden Dim. 512
Num. Layers 2
Loss Type CL

Linear (TimeFlat) Learning Rate 1e-3
Loss Type CL

Linear (AvgTime) Learning Rate 1e-3
Loss Type CL

MLP (AvgTime)

Learning Rate 1e-3
Num. Layers 2
Hidden Dim. 768
Loss Type CL

MLP (TimeAtt)

Learning Rate 1e-3
Num. Layers 2
Hidden Dim. 768
Loss Type CL

Table 4: Best hyperparameter configuration per model.

enhances alignment with early visual features encoded in the brain. In the deeper fully connected
layers (FC6–FC8), our model maintains strong performance, surpassing MonkeySee. This indicates
that the generative decoder is also capable of capturing high-level semantic content, highlighting the
model’s ability to represent both perceptual structure and abstract semantics from neural activity.

A.2 Hyperparameter Tuning

We performed an hyperparameter search for each model architecture to identify the optimal configu-
ration (in term of retrieval accuracy), as reported in Table 4. Across all models, the best results were
consistently obtained using a contrastive loss.

All experiments were carried out on a high performance server equipped with eight NVIDIA A100
GPUs (80 GB each, interconnected via NVLINK), 256 CPU threads and 2 TB of system memory.

A.3 Contrastive Loss vs MSE Loss

Across multiple decoding architectures, NT-Xent-trained models consistently achieve higher Top-1
and Top-5 accuracy. Although MSE focuses on bringing the predicted and target embeddings as close
as possible in Euclidean terms, it does not account for the relative positioning of other embeddings.
In contrast, contrastive learning explicitly pushes embeddings of mismatched pairs apart and pulls
the matched pairs together, preserving semantic relationships and improving the model’s ability to
generalize in retrieval tasks. This highlights the benefit of contrastive learning for aligning neural and
sensory representations, ultimately improving retrieval and decoding performance.

Beyond empirical performance, our choice is also grounded in theoretical work: recent findings
[25] argue that conceptual and semantic representations are best modeled as directional vectors in
high-dimensional spaces. In this view, the direction of a vector encodes most of the meaningful
structure, making cosine similarity—sensitive to direction but not to scale—particularly well-suited
for tasks involving semantic embeddings such as ours.
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NeurIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

• You should answer [Yes] , [No] , or [NA] .
• [NA] means either that the question is Not Applicable for that particular paper or the

relevant information is Not Available.
• Please provide a short (1–2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to "[No] ", it is perfectly acceptable to answer "[No] " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
"[No] " or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

• Delete this instruction block, but keep the section heading “NeurIPS paper checklist",
• Keep the checklist subsection headings, questions/answers and guidelines below.
• Do not modify the questions and only use the provided macros for your answers.

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and introduction clearly state the claims: the importance of
temporal dynamics over architectural complexity, the value of contrastive learning, and the
effectiveness of a two-stage generative decoding pipeline. These claims are consistently
supported by the experimental results.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
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Answer: [Yes]
Justification: The paper discusses several limitations in Section 4 ("Discussion and Conclu-
sions"), including reliance on a few subjects, the constraints of retrieval-based evaluation,
potential mismatches between CLIP embeddings and non-human visual representations, and
limitations related to generalizability and generative priors.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
Justification: The paper does not include theoretical results requiring formal proofs. Instead,
it provides empirical results and experimental validations to support findings as answers to
research questions posed in the introduction.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
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Answer: [Yes]

Justification: All data are from a publicly available dataset (THINGS Ventral Stream Spik-
ing Dataset) https://gin.g-node.org/paolo_papale/TVSD. The Methods section
provides sufficient details about preprocessing, model architectures, training procedures,
baselines, and evaluation metrics. The code is released anonymously (in the Appendix).

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes] ,

Justification: The data are publicly available [24], and the code is released in anonymized
form for NeurIPS revision phase to support reproducibility and freely accessible upon
publication for everyone.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).
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• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental Setting/Details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: The "Material and Methods" section specifies the dataset, training/test splits,
loss functions, baselines, and evaluation protocols. Compute details (hyper-parameters
tuning) are also provided in Appendix.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: The paper reports retrieval accuracies with standard errors, computed over five
random seeds to ensure reproducibility and statistical robustness (Table 1 and Figure 5).
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
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8. Experiments Compute Resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer:[Yes]

Justification: The paper specifies the compute resources used: eight NVIDIA A100 GPUs,
256 GPU threads, and 2 TB RAM (also mentioned in Appendix).

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The study follows the NeurIPS Code of Ethics. It uses publicly available data
collected under approved animal research protocols and considers neuroethical implications
in the Discussion (Section 4).

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader Impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The paper discusses both positive impacts (advancing brain-computer inter-
faces and neuroscience research) and potential negative impacts, including ethical concerns
about neural privacy and consent (Section 4, Discussion).

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.
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• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: The generative model (Stable Diffusion XL) includes its own safeguards. The
work does not introduce new models or data that inherently pose high risk for misuse.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: The paper credits and cites all datasets (TVSD [24]), models (CLIP [27],
Stable Diffusion XL [26], IP-Adapter [35]) and assets. Usage complies with the respective
licenses.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New Assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
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Answer: [Yes]
Justification: While no new datasets are released, the code and processing scripts will be
released with appropriate documentation to reproduce the reported experiments.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: The research does not involve crowdsourcing or experiments with human
subjects. It uses pre-existing non-human primate datasets.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: The study uses data from non-human primates collected under prior ethical
approvals. No new human or animal experiments were conducted.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
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Answer: [NA]
Justification: Large language models were not used in the core methods or experiments of
this work. Use of LLM was limited to text editing and did not affect the scientific content or
methodology.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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