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Abstract. Reconstructing 3D objects from brain signals offers a promis-
ing avenue for understanding human visual cognition. While prior work
has shown initial success using EEG signals for 3D reconstruction, ex-
isting methods typically employ a uniform diffusion decoder, overlook-
ing the evolving semantic granularity of both EEG representations and
the diffusion denoising process. In this paper, we propose Mind2Cloud, a
novel EEG-to-point-cloud generation framework based on two-granularity
diffusion decoding. The core of Mind2Cloud is a time-aware decoder that
integrates a global Transformer branch and a local Point-Voxel CNN
(PVCNN) branch across diffusion timesteps through a learnable fusion
mask. Specifically, Transformer layers are incorporated into the early
upsampling stages to capture global object structure under high uncer-
tainty, while PVCNN modules are used in later stages to refine local ge-
ometric details. Inspired by the hierarchical nature of EEG-based visual
representations, this design dynamically adapts its spatial granularity in
accordance with the coarse-to-fine trajectory of diffusion denoising. We
further introduce an adversarial refinement module to enhance geometric
realism and semantic consistency. Extensive experiments on the EEG-3D
dataset across all 12 subjects demonstrate that Mind2Cloud outperforms
prior work in both geometric accuracy and semantic alignment, setting
a new benchmark for EEG-to-point-cloud generation. Our source code is
available at https://github.com/duasoi/Mind2Cloud.
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1 Introduction

Reconstructing 3D shapes from non-invasive brain signals is a fundamental chal-
lenge in neural decoding, as it requires mapping noisy, low-dimensional neural
activity to structured, high-fidelity geometry representations. Prior studies have
made notable progress in reconstructing 2D images from fMRI or EEG sig-
nals [6}[24,/41]. However, extending visual decoding from 2D images to 3D is sub-
stantially more challenging, due to the larger domain gap between neural signals
and geometric structures. Recent work such as Neuro-3D [13] has demonstrated

* Corresponding author.


https://orcid.org/0000-0003-1398-9965
https://orcid.org/0009-0008-7393-7482
https://orcid.org/0000-0001-8336-5109
https://github.com/duasoi/Mind2Cloud

2 Y. Lu et al.

\ Global Semantics «

( [ 6% \
| | (oo |- |
| | |
| | !
| I"Lovv—Fr'equemch\/\,_/\/\r |

“ I

% Local Details « I»H\\j;h Frequency

[
T |

w

Fig. 1: Conceptual illustration of two-granularity diffusion decoding for EEG-to-point-
cloud generation. Low-frequency EEG cues guide global semantic structure during early
denoising, while high-frequency cues support local detail refinement in later steps.

the feasibility of EEG-to-3D shape reconstruction by combining an EEG en-
coder for static and dynamic signal learning with a diffusion-based point cloud
generator. Nevertheless, existing methods typically employ a fixed decoding ar-
chitecture throughout the entire generation process, overlooking the fact that
the semantic granularity required for reconstruction evolves across both EEG
representations and the diffusion denoising process.

Neuroscientific evidence suggests that EEG carries visual information at mul-
tiple levels of abstraction: low-frequency components are often associated with
global object-level perception, while high-frequency components are more closely
related to local visual details such as edges, contours and fine structures .
A similar hierarchy naturally appears in diffusion-based point cloud generation.
During early denoising steps, the model operates on highly noisy latent shapes
and must recover coarse global structure. In later steps, it progressively refines
local geometry and details, as illustrated in[I] This conceptual hierarchy serves as
a key inspiration for designing a 3D visual decoding architecture from EEG that
can adapt its spatial granularity over time, in alignment with the coarse-to-fine
trajectory of diffusion generation.

To this end, we propose Mind2Cloud, a two-granularity diffusion decoder
for EEG-guided point cloud reconstruction. Our decoder integrates a global
Transformer branch and a local Point-Voxel CNN (PVCNN) branch, fusing their
outputs in a timestep-aware manner. Specifically, during the diffusion process, we
embed Transformer blocks into the early upsampling stages of the decoder, where
the model must synthesize coarse structure under high uncertainty. As denoising
progresses and the generated point cloud becomes more structured, we gradu-
ally reduce the influence of the Transformer and rely on the PVCNN branch to
refine spatial detail. A learnable fusion mask modulates the relative contribution
of each branch at different timesteps, allowing the network to smoothly transi-
tion from global semantic reconstruction to local geometric refinement. Rather
than a mere architectural combination, the key novelty of Mind2Cloud lies in
its EEG-conditioned, timestep-adaptive global/local fusion mechanism. This de-
sign dynamically balances complementary decoding granularity across denoising
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stages and implicitly aligns the hierarchical information encoded in EEG signals
with the generative process.

To further enhance geometric realism, we introduce a lightweight adversar-
ial refinement module that discriminates between reconstructed and real point
clouds. The entire model is trained with a combination of contrastive align-
ment loss, geometric reconstruction loss and adversarial supervision. We vali-
date Mind2Cloud on the EEG-3D dataset across all 12 subjects, demonstrating
substantial improvements over prior work in both perceptual quality and recon-
struction accuracy. The proposed decoder produces more structurally faithful
3D shapes, better preserves semantic correspondence with the neural signals
without increasing point cloud resolution or inference cost.

In summary, our main contributions are as follows:

— We show that selectively incorporating Transformer modules into early up-
sampling stages improves EEG-to-point-cloud generation by better matching
the coarse-to-fine nature of both neural visual perception and diffusion de-
coding.

— We introduce a two-granularity point cloud decoder featuring an EEG-
conditioned, timestep-adaptive fusion mechanism that adaptively fuses global
Transformer and local PVCNN features across diffusion timesteps.

— Mind2Cloud sets a new benchmark for EEG-to-point-cloud generation on
the EEG-3D dataset under full-subject evaluation across all 12 subjects,
achieving improved geometric accuracy and semantic fidelity.

2 Related Work

2.1 Neural Decoding of 2D Visual Stimuli

Decoding visual stimuli from neural signals [4-6}21,/41,/49] has emerged as a
key research direction bridging computer vision and neuroscience, aiming to re-
veal how the brain encodes visual information. Early efforts leveraged CNNs and
GANs to map fMRI or EEG signals to 2D images [2}/12}{15/24.31,42], demonstrat-
ing the viability of reconstructing perceptually coherent visuals from brain activ-
ity. Recent advances in diffusion models [14,30] and vision-language frameworks
such as CLIP [22] have further enhanced decoding fidelity. Many approaches
align neural representations with pre-trained visual or textual embeddings via
contrastive learning, enabling conditional generation from brain signals |136,45].
Despite success in static 2D and short video reconstruction [620443], these meth-
ods remain constrained to 2D, limiting their ability to capture the spatial depth
of 3D perception.

2.2 3D Reconstruction from Brain Signals

Reconstructing 3D objects from neural activity is an emerging direction in neural
decoding, with promising applications in brain—computer interfaces (BCIs) and
understanding spatial perception. Early work mainly used fMRI due to its high
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spatial resolution to recover coarse 3D structures [10,/11]. Projects like Mind-
3D [11] and Mind-3D++ [9] introduced paired datasets and diffusion-based gen-
erative models for geometry inference. However, fMRI methods are costly, immo-
bile, and have poor temporal resolution 33|, limiting real-time or large-scale BCI
use. They also often miss perceptual details like color and texture, important for
semantic fidelity. To address this, Neuro-3D [13| proposed the first EEG-based
3D reconstruction dataset and framework, allowing geometry and appearance
estimation from non-invasive EEG signals. EEG is affordable, portable, and tem-
porally responsive, better suited for interactive real-time BCIs [17,46]. Despite
this, EEG-to-3D reconstruction accuracy and completeness remain limited, es-
pecially under noisy, low-SNR conditions. This motivates further research on
improving neural representations, model robustness, and cross-modal alignment
to advance reliable, semantically rich 3D brain decoding systems.

2.3 Diffusion Models

Diffusion models have become a powerful generative paradigm capable of syn-
thesizing high-quality visual content by reversing a noise corruption process |14].
Their applications span 2D image generation [18,37,39,40|, editing [48]/50], and
3D tasks including point cloud modeling [44}/52], multi-view synthesis |16} [26]
27,[53], and text-to-3D reconstruction [3,[23}/29,[34]. To enhance efficiency and
detail fidelity, latent diffusion models compress inputs via autoencoders |39],
while Transformer-based architectures like DiT improve scalability and genera-
tion quality [32]. In neuroscience, diffusion models have been leveraged for IMRI-
based visual decoding, with frameworks like TIGER [38] combining convolutional
and Transformer modules to reconstruct dynamic 3D shapes. Building on these
insights, we extend diffusion-based generation to EEG-driven 3D reconstruction,
establishing a new direction for neural-guided generative modeling.

3 Methodology

3.1 Overview

We propose an end-to-end framework for reconstructing 3D shapes from EEG
signals, as illustrated in Figure 2] The framework consists of three main compo-
nents: 1) Two-stream EEG Encoder, which adaptively integrates static and
dynamic EEG signals to extract complementary neural representations. Moti-
vated by the Neuro-3D [13| paradigm, this design enhances the expressiveness of
EEG features for 3D object understanding. To ensure semantic alignment across
modalities, we introduce InfoNCE and MSE losses between the EEG embed-
dings and CLIP-derived visual embeddings; 2) Point Cloud Decoder, which
reconstructs 3D shapes conditioned on the EEG embedding by leveraging a la-
tent point cloud Transformer. This decoder fuses global representations from
the Transformer and local geometric features extracted via shallow PVCNN
modules [25] using a timestep-aware weighting strategy; and 3) Adversarial
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Fig. 2: Overview of Mind2Cloud. A two-stream EEG encoder extracts complementary
features from static and dynamic EEG responses and aligns them with CLIP image
embeddings. The resulting EEG embedding guides a two-granularity diffusion decoder
to reconstruct 3D point clouds, while adversarial refinement improves geometric fidelity.

Refinement, where a discriminator is employed to distinguish generated point
clouds from ground-truth samples. This adversarial objective fine-tunes the de-
coder, guiding it to produce more realistic and structurally coherent 3D outputs.

3.2 Two-stream EEG Encoder

To extract robust neural representations from temporally and spatially dis-
tributed EEG signals, we propose a dual-branch EEG encoder that separately
processes static and dynamic modalities and integrates them via temporal at-
tention and spatial convolution.

EEG-Temporal Encoder. Given preprocessed EEG signals z, € R€*Ts and

zq € RE*Ta corresponding to static and dynamic visual stimuli, we employ two
Transformer encoders to model their temporal structures. Each input sequence
is enriched with learnable positional encodings and encoded as:

Zdayn = Transformer(PosEnc(z4))

(1)

Zstc = Transformer(PosEnc(z;))

To fuse temporal cues from both branches, we apply a cross-attention mecha-
nism where static features serve as the query and dynamic features as key—value
pairs:

Zfuse = CrossAttn(Q = zste, K = 2dyn, V = Zdyn), (2)

yielding a unified temporal representation that integrates static and motion-
related information.
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EEG-Spatial Conv. To model inter-channel dependencies, we apply a series
of 1D convolutional layers with residual connections to zg,se, followed by a linear
projection to generate the final EEG embedding. This spatial encoding enhances
the topographical structure of EEG signals and stabilizes training.

To align EEG and visual representations, we adopt a symmetric InfoNCE

loss:
1 usefT fU T 3
Lap = = {CE (Zf v y> 4+ CE <zfuy>] (3)
2 T T

where 7 is a temperature parameter, and an additional regression term for direct
embedding alignment:

Limg = ||quse - fv”§ . (4)

The combined loss is defined as:
Leeg = Limg + Lelip, (5)

encouraging EEG embeddings that are both semantically aligned and discrimi-
native for downstream 3D generation.

3.3 Two-Granularity Diffusion Decoder

To reconstruct high-fidelity 3D shapes from noisy EEG-derived embeddings, we
design a time-aware Two-Granularity point cloud decoder that adaptively
adjusts its spatial granularity across diffusion timesteps. While Transformer and
CNN architectures are standard modules, their complementary inductive bi-
ases remain highly effective for structured 3D generation tasks. In our design,
the Transformer branch captures long-range dependencies and global semantic
structure, whereas the CNN-based PVCNN branch focuses on localized geomet-
ric refinement and high-frequency spatial details. Importantly, the innovation of
our framework lies not in architectural reinvention, but in the EEG-conditioned
diffusion step—adaptive fusion mechanism. This mechanism dynamically balances
global and local representations across denoising stages while being guided by
neural embeddings extracted from brain activity. By coupling EEG semantics
with timestep-aware feature modulation, the decoder progressively translates
abstract neural representations into structured geometric details, achieving se-
mantically grounded and structurally coherent 3D generation. This design is mo-
tivated by the coarse-to-fine trajectory of diffusion-based generation and the hier-
archical abstraction levels present in EEG signals. Drawing inspiration from the
TIGER architecture [38|, our decoder integrates a local CNN-based branch for
geometric refinement, a Transformer-based branch for modeling global structure,
and a learnable fusion mechanism that dynamically balances the two throughout
the denoising process. This enables the decoder to progressively transition from
global shape synthesis to fine-grained spatial detail, aligning feature representa-
tion with the generative stage.
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Local Geometric Refinement. Given a noisy point cloud X; € RV*3 at
diffusion timestep ¢, we first concatenate it with EEG-derived latent embeddings
to form a joint representation. To extract high-frequency spatial details and local
semantic cues, we adopt a hierarchical feature extractor built upon the Point-
Voxel Convolutional Neural Network (PVCNN) framework.

Specifically, we employ a multi-stage Set Abstraction (SA) architecture that
combines point-based and voxel-based processing. In each stage, point-wise MLPs
capture fine-grained variations by aggregating features from local k-NN neigh-
borhoods, while voxel-based convolutions introduce geometric regularity and re-
duce sensitivity to spatial noise. This hybrid design allows the model to simulta-
neously leverage unstructured geometric richness and structured volumetric pri-
ors, making it well-suited for EEG-guided generation where signal uncertainty
is high.

The extracted local features are progressively downsampled and aggregated,
preserving intermediate coordinates and activations for later upsampling via Fea-
ture Propagation (FP) layers. This enables effective gradient flow and spatial cor-
respondence between encoder and decoder stages. Overall, the PVCNN branch
focuses on capturing localized structures—such as edges, surface curvature, and
fine object parts—that are critical for reconstructing semantically meaningful
and geometrically detailed 3D shapes. When integrated with the Transformer-
based global branch, it provides complementary inductive bias that enhances
both structural fidelity and robustness during generation.

Global Semantic Reconstruction. To effectively model global spatial rela-
tionships within latent point clouds, we introduce a Transformer-based module
operating at an intermediate resolution. Specifically, given latent point cloud
features X; € RM*4 we first encode them into initial token embeddings using
a dual normalization |19] and intermediate MLP scheme:

T, = LN(MLP(LN(X,))) € RM*P. (6)

We further enrich these embeddings with explicit positional information by
applying a continuous, multi-granularity 3D positional embedding |38] Pemb €
RM*P This encoding scheme effectively captures fine-grained spatial differences
and maintains continuity across spatial dimensions, essential for modeling ir-
regular and continuous 3D data. Inspired by [51], rather than directly adding
positional embeddings to token representations, which could diminish positional
information across deeper layers, we integrate spatial context through a learned
spatial interaction matrix (Fig. |3):

H = Softmax ((PembW,,)(Pemb¥,,) "), (7)

where W, € RP*XZ is a projection matrix mapping the positional embeddings
into an attention-specific space. This learned interaction explicitly preserves po-
sitional relationships, enabling consistent incorporation of relative spatial struc-
ture throughout successive Transformer layers.
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Fig. 3: Position-aware attention mechanism with a learned spatial interaction ma-
trix H, integrating positional embeddings into Transformer attention for enhanced 3D
structural modeling.

Formally, we stack L Transformer layers, where at each layer | € {0,1,..., L—
1}, the token embedding T; € RM*P is iteratively refined. The position-aware
attention computation within each Transformer layer is defined as:

(TWo)(TiWy) " © H
VZ

where Wy, Wi, W, € RPXZ are the query, key, and value projection matrices,
and Z denotes the dimensionality of the projected query and key vectors. A
feed-forward network follows each attention layer to further refine the token
embeddings. After L iterations, we obtain the final representation Fy,, which
encodes high-level semantic structure and serves as a global prior for downstream
reconstruction.

This Transformer-based branch is particularly effective during early diffusion
steps, where global semantics dominate and spatial uncertainty remains high.
By capturing object-level structure and integrating geometric context over long
distances, it complements the local refinement pathway and enhances the fidelity
of 3D shape reconstruction.

T; = Softmax ( ) (T, W), (8)

Time-aware Feature Fusion. To dynamically integrate coarse global struc-
ture with fine local details across the generative trajectory, we design a time-
aware feature fusion module that adaptively modulates the contributions
of the Transformer and CNN branches throughout the diffusion process. This
design reflects the observation that early timesteps favor semantic abstraction,
while later stages benefit from localized refinement.

Specifically, the diffusion timestep ¢ is encoded using sinusoidal positional
embeddings and fed into an MLP to generate a learnable fusion mask M, € RP.
The mask is constrained to (0,1) via a sigmoid activation and applied channel-
wise, with broadcasting along spatial dimensions.

The fused feature is computed as:

Foue = M - CODV(FCOHV) + (1 - Mt) : TF(Ftr)v (9)



Mind2Cloud 9

Discriminator

Convld |—{ BatchNorm | LeakyReLU L [Adaptive Max m =
7 (o] Lot oLt —

shortcut

x4

Fig. 4: Discriminator architecture. The input point cloud is processed by four stacked
residual Conv1D blocks, followed by global pooling and an MLP classifier.

where Conv(-) and TF(-) denote 1 x 1 learnable convolutions that project both
branches into a shared latent space. The mask M, allows the network to em-
phasize global structural information during early denoising stages (high noise),
and progressively shift toward local detail enhancement as uncertainty decreases
over time.

The fused representation Fy,y is further processed by normalization and resid-
ual blocks, followed by a point-wise MLP that predicts the noise residual é for
each 3D point. This output is used to guide the denoising process, refining the
noisy point cloud X; toward the target shape Xy. The diffusion reconstruction
is supervised via a standard noise prediction loss:

Laiftuse = ||é - 6”%7 <1O>

where € is the Gaussian noise added during the forward diffusion step.

To jointly optimize geometric accuracy and EEG-image alignment, we com-
bine this diffusion loss with the EEG supervision loss Lggg (as introduced in
Section , which includes an InfoNCE contrastive term L}, and a regression
term Liyg. The overall training objective is defined as:

Lioint = o - Laigtuse + (1 — @) - LEEG, (11)

where a € [0,1] trades off between accurate shape reconstruction and cross-
modal representation learning.

3.4 Adversarial Refinement

To enhance the geometric realism of reconstructed shapes, we introduce a lightweight
point cloud discriminator that distinguishes real samples from generated ones.
Given an input point cloud X € RV*3, the discriminator outputs a scalar au-
thenticity score.

As shown in Figure[d] the discriminator leverages stacked residual 1D convo-
lutional blocks to model local geometry and channel dependencies. A global max
pooling followed by normalization produces a compact representation, which is
mapped to a binary prediction.

During training, adversarial learning is applied using binary cross-entropy
loss on logits (BCEWithLogitsLoss). Given real samples X, and generated ones
X, the discriminator loss is:

Lp = BCE(D(Xy),1) + BCE(D(X),0), (12)
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where D(-) denotes the discriminator output before activation.
Meanwhile, the generator is trained with an adversarial objective that en-
courages indistinguishability from real shapes:

Lg = BCE(D(X),1). (13)

This adversarial term is combined with the primary loss £L—which includes
diffusion-based reconstruction and EEG alignment—yielding the final training
objective:

Ltotal = Ejoint + )\adv : ['Ga (14)

where \,q, balances the influence of adversarial feedback. This joint formulation
promotes structurally consistent and perceptually realistic 3D outputs.

4 Experiments

4.1 Datasets

We adopt the same dataset as the Neuro-3D framework, a multimodal bench-
mark tailored for EEG-driven 3D reconstruction. The dataset comprises EEG
recordings from 12 participants, each exposed to both static images and 360-
degree rotating videos of 3D objects drawn from 72 categories in the Objaverse
dataset [8/47]. Each object is annotated with shape category, textual description,
and color style labels. EEG signals were recorded using a 64-channel EASY-
CAP system at a sampling rate of 1000 Hz. A controlled stimulus paradigm
was employed, presenting each object with a 0.5-second static image followed
by a 6-second rotation video to elicit rich visual responses. Each participant
completed approximately 5.5 hours of EEG acquisition, including resting-state,
image-evoked, and video-evoked sessions. EEG preprocessing was conducted us-
ing the MNE toolbox. For more details, we refer readers to the original Neuro-3D
study [13].

4.2 Implementation Details

All experiments were performed on a single NVIDIA A6000 GPU, with total
training time of approximately 2.5 days. We employed the AdamW optimizer
with an initial learning rate of 1 x 1073, The visual encoder produced feature
vectors of dimension 1024. In training, the loss weight a in Equation was set
to 0.95 to emphasize precise geometric reconstruction, while the adversarial loss
weight A4 in Equation was set to 0.05 to incorporate moderate discrimina-
tor guidance for improving surface fidelity. The Point Cloud Decoder utilized an
8-layer Transformer architecture. To maintain manageable memory usage and
computational requirements, we applied Farthest Point Sampling (FPS) [28|
to downsample each raw point cloud from 8192 to 2048 points before training.
Specifically, FPS is performed dynamically on the ground-truth meshes to ensure
uniform spatial distribution. For semantic evaluation, since the original baseline
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Fig. 5: Qualitative comparison of reconstructed point clouds for Subject 1. Rows show
ground-truth point clouds, FPS-downsampled Neuro-3D outputs with 2048 points, orig-
inal Neuro-3D outputs with 8192 points, and our 2048-point reconstructions. Despite
using fewer points, Mind2Cloud better preserves object structure and local geometry.
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Fig. 6: Subject-wise radar plots of the 2-way /top-1 accuracy and 10-way/top-3 settings
for S01-S05. Mind2Cloud consistently outperforms Neuro-3D under both evaluations.

classifier was not publicly released, we retrained our own PointNet+-+ classi-
fier following their evaluation protocol. To guarantee a fair evaluation, all
test-set-related samples were strictly excluded during its training. This classifier
was trained for 200 epochs using an Adam optimizer with a batch size of 32 and
a learning rate of 1 x 107 to ensure stable convergence.

4.3 Results

Visualization Results. To qualitatively evaluate reconstruction performance,
we visualize representative 3D point clouds from Subject 1 in Figure[5] The first
row displays the ground-truth (GT) shapes, while the second and third rows show
results from the Neuro-3D baseline, originally trained with 8192-point clouds.
For fair comparison, we apply Farthest Point Sampling (FPS) to downsample
these outputs to 2048 points, matching our input resolution. Both predicted
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Datasets|Meth0d |CD J,|EMD 4
Neuro-3D [13] 4.32 | 16.31

Ours (w/o Discriminator) 3.26 15.93

EEG Ours (w/o Two-Granularity)| 3.20 15.93
Ours (w/o PVCNN) 3.71 17.10

Ours (Fixed Fusion) 3.00 15.42

Ours 2.53 | 14.02

Ours (S01-S12) 2.65 14.43

Table 1: Comparison of reconstruction fidelity using Chamfer Distance (CD) and
Earth Mover’s Distance (EMD), both multiplied by x 102. Lower values indicate better
geometric accuracy.

Average Top-1 of 5 samples
Method 2-way/top-1 10-way/top-3|2-way/top-1 10-way/top-3
Neuro-3D [13] | 50.80% 31.72% | 68.33% 53.89%
Ours (w/o Discriminator) 50.65% 31.80% 66.94% 52.22%
Ours (w/o Two-Granularity) 50.12% 31.05% 67.22% 51.95%
Ours (w/o PVCNN) 49.58% 29.58% 50.56% 37.50%
Ours (Fixed Fusion) 50.69% 32.36% 66.39% 52.22%
Ours 52.92% 32.47% 70.83% 56.67%
Ours (S01-S12) 51.68% 31.30% 70.53% 52.84%

Table 2: Semantic reconstruction accuracy under N-way Top-k classification. Results
are reported for the 2-way/top-1 and 10-way/top-3 settings, including average accu-
racy and Top-1 accuracy over five sampled candidates. Higher values indicate better
semantic preservation.

shapes and corresponding ground-truth point clouds are uniformly resampled to
2048 points before metric computation to ensure fair comparison across methods.
The last row presents results from our method trained and tested directly with
2048 points. All point clouds are rendered via Open3D with automatically as-
signed colors. Despite the reduced point density, our approach reconstructs finer
geometric details with sharper contours and fewer deformations. In particular,
in complex categories such as lightbulb, helicopter, and skateboard, our model
better preserves global structure and part connectivity. These results highlight
the effectiveness of our framework in generating high-fidelity 3D shapes from
EEG signals with improved efficiency.

Quantitative Evaluation. Since EEG-driven 3D point cloud reconstruction
remains a relatively emerging research direction, publicly available and repro-
ducible works are still limited. Among existing approaches, Neuro-3D is a repre-
sentative and recently proposed method with publicly released models and code,
making it suitable for direct and fair comparison. Therefore, we adopt Neuro-3D
as our primary baseline and follow its evaluation protocol to ensure consistency
and reproducibility. To quantitatively evaluate the geometric fidelity and seman-
tic alignment of reconstructed 3D shapes, we report Chamfer Distance (CD) and
Earth Mover’s Distance (EMD) in Table[T} and N-way Top-k classification accu-
racy in Table[2] We follow Neuro-3D and report results on the same five subjects
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Fig.7: Qualitative ablation comparison. From top to bottom: ground truth,
Mind2Cloud without the adversarial discriminator, Mind2Cloud without the two-
granularity decoder, Mind2Cloud with fixed fusion, and the full model.

to ensure direct comparability with the prior work. While the full dataset con-
tains 12 participants, we adopt this evaluation protocol for fair benchmarking.
Our method significantly outperforms the EEG-based baseline Neuro-3D on both
CD and EMD, demonstrating superior reconstruction quality.

Furthermore, to demonstrate cross-subject robustness, we extend our quan-
titative evaluation to the remaining subjects (S06-S12) and report the overall
averages across all 12 subjects (S01-S12) at the bottom of Table [1| and Ta-
ble 2l The stable and consistent performance across the entire participant pool
demonstrates that our framework generalizes well to unseen subjects, success-
fully mitigating the inherent variability of neural signals.

For semantic evaluation, we retrain a PointNet++ classifier (84% accu-
racy) since the original Neuro-3D classifier (90%) is not publicly available. As
shown in Table[2] our method surpasses Neuro-3D in both 2-way and 10-way clas-
sification, indicating better semantic preservation. Ablation studies further verify
the contribution of each component. Figure [] visualizes per-subject accuracy of
2-way /top-1 and 10-way/top-3 settings, our method consistently outperforms
Neuro-3D under both evaluations.

Ablation Study. We conduct ablation studies to evaluate the contributions of
key components in our framework. As reported in Table[I]and Table 2], removing
the discriminator (w/o Discriminator) leads to increased CD/EMD scores and
a drop in both average and Top-1 N-way classification accuracy, suggesting that
adversarial supervision enhances both geometric fidelity and semantic alignment.
To evaluate our timestep-aware design, we also test a variant with a fixed equal-
weight fusion across all diffusion steps (Fized Fusion). As shown in Table
and Table [2| the fixed fusion yields suboptimal performance, indicating that
our performance gains stem from time-varying global/local feature modulation
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Fig. 8: Subject-wise visualization results on Subject 2 to Subject 5. For each subject,
the top row shows ground-truth point clouds and the bottom row shows Mind2Cloud
reconstructions generated from EEG signals.

rather than a static combination. Similarly, removing our two-granularity fusion
design altogether (w/o Two-Granularity) results in further degradation across
all metrics. Visual comparisons in Figure [7] further reveal less complete and
structurally coherent shapes in both ablated variants. These results collectively
confirm that both adversarial fine-tuning and the two-granularity decoder are
essential for generating accurate and semantically meaningful reconstructions.

Subject-wise Visualization Results. To evaluate cross-subject robustness,
we present qualitative reconstructions for four subjects (Sub02-Sub05) in Fig-
ure |8} Each example shows the ground-truth point clouds and the corresponding
outputs generated solely from EEG signals. Despite subject-specific variations in
neural patterns, our method produces geometrically plausible and semantically
consistent shapes across subjects. The reconstructed objects preserve key struc-
tural characteristics for diverse categories such as glasses, vases, animals, and
furniture. Although some fine-grained surface details remain missing due to the
inherently low spatial resolution of EEG signals, the results demonstrate that
our framework can reliably capture meaningful 3D structure from noisy inputs.

Subject-wise EEG Activation Mapping. To investigate inter-subject vari-
ability in cortical activity, we adopt the standard 64-channel EEG scalp parti-
tioning into seven functional regions

Figure |§| (left). This schematic groups the electrodes into seven principal
lobes: left /right frontal, central, parietal, left /right temporal, and occipital. Such
an anatomical division enables region-specific interpretation of EEG patterns
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Fig. 9: Normalized EEG spatial activation maps for five subjects (Sub01-Sub05). The
left schematic shows the 64-channel scalp partitioning, and each subject map shows
the average potential distribution across trials and time points. Red indicates higher
positive voltage, while blue indicates negative or suppressed activity.

and provides a foundation for our subsequent subject-wise analysis by supporting
spatial localization of neural activation.

Figure [9 (right) illustrates normalized activation maps for five subjects,
averaged over trials and time. Sub0l and Sub05 exhibit a center-suppressed,
periphery-enhanced pattern, with diminished frontal-central activity and ele-
vated occipital-temporal responses—consistent with their superior decoding per-
formance (e.g., 72.22% Top-1 for Sub01), suggesting more structured neural rep-
resentations. By contrast, Sub03 and Sub04 show localized occipital-temporal
activation with weaker global suppression, while Sub02 displays polarity shifts
across central-frontal regions, indicating unstable engagement and moderate ac-
curacy. These subject-specific patterns reflect inherent variability in perceptual
strategies and neural encoding, reinforcing the importance of personalized mod-
eling in EEG-based 3D reconstruction.

5 Conclusion

We propose an end-to-end framework that reconstructs 3D shapes from EEG
signals using a two-stream EEG encoder and a time-aware two-granularity dif-
fusion decoder. Guided by a learnable fusion strategy, the model balances global
and local features throughout denoising. An adversarial point cloud discrimina-
tor further enhances geometric fidelity. While achieving strong 3D reconstruction
and classification results, the model does not yet reconstruct photorealistic ap-
pearance and leaves room for stronger cross-subject generalization. Future work
will focus on color reconstruction via vision-language priors and improving ro-
bustness across subjects through domain adaptation and contrastive learning,
advancing semantic brain decoding and practical non-invasive BCIs.
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