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Abstract

Translating brain activity into meaningful visual content has long been recognized
as a fundamental challenge in neuroscience and brain-computer interface research.
Recent advances in EEG-based neural decoding have shown promise, yet two
critical limitations remain in this area: poor generalization across subjects and con-
straints to specific visual tasks. We introduce NEED, the first unified framework
achieving zero-shot cross-subject and cross-task generalization for EEG-based
visual reconstruction. Our approach addresses three fundamental challenges: (1)
cross-subject variability through an Individual Adaptation Module pretrained on
multiple EEG datasets to normalize subject-specific patterns, (2) limited spatial res-
olution and complex temporal dynamics via a dual-pathway architecture capturing
both low-level visual dynamics and high-level semantics, and (3) task specificity
constraints through a unified inference mechanism adaptable to different visual do-
mains. For video reconstruction, NEED achieves better performance than existing
methods. Importantly, Our model maintains 93.7% of within-subject classifica-
tion performance and 92.4% of visual reconstruction quality when generalizing
to unseen subjects, while achieving an SSIM of 0.352 when transferring directly
to static image reconstruction without fine-tuning, demonstrating how neural de-
coding can move beyond subject and task boundaries toward truly generalizable
brain-computer interfaces.

1 Introduction
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Figure 1: The dual challenge in neural decoding. Current models fail both to generalize to unseen
subjects (left) and transfer between video and image reconstruction tasks (right). Our NEED
framework addresses both challenges simultaneously.

Neural decoding for visual reconstruction from electroencephalography (EEG) signals represents a
critical frontier at the intersection of neuroscience and artificial intelligence [1, 2]. This emerging
technology offers profound implications across multiple domains: enabling new communication
pathways for paralyzed individuals [3, 4], providing unprecedented insights into human visual
perception [5, 6], advancing brain-computer interfaces [7, 8], and revealing fundamental cognitive
mechanisms [9].

EEG signals offer distinct advantages for neural decoding despite their limited spatial resolution com-
pared to other neuroimaging techniques [10, 11]. Their non-invasive nature, high temporal resolution,
portability, and relatively low cost make EEG particularly suitable for real-world applications [12, 13].
The field of EEG-based visual decoding has advanced significantly in recent years, progressing from
simple text reconstruction [14, 15, 16, 17] to increasingly complex visual content [18, 19]. Early work
focused on classifying basic visual categories and reconstructing simple shapes [20, 21], while later
research enabled reconstruction of static images with recognizable semantic content [22, 23, 24, 25].
Most recently, pioneering studies have demonstrated the possibility of reconstructing dynamic videos
from EEG signals [26, 27, 28], representing a crucial step toward decoding the brain’s perception of
coherent scenes and motion [29, 30]. This progression toward decoding continuous visual stimuli
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holds profound implications for understanding how the brain processes dynamic visual information
and potentially recreating subjective perceptual experiences[31, 32].

Despite recent advances in reconstructing visual content from EEG signals, signi�cant limitations
persist that hinder practical applications, as illustrated in Fig. 1.(1)Current neural decoders
struggle with cross-subject generalization[33, 34, 35, 36], demonstrating dramatic performance
deterioration when models trained on speci�c individuals are applied to new subjects [37, 38]. This
challenge arises from the inherently individualized nature of neural activity patterns, which vary due
to anatomical differences, electrode positioning inconsistencies, and unique functional organizations
of visual processing regions [39, 40]. The resulting models often capture subject-speci�c EEG
patterns rather than generalizable neural representations of visual content [41]. (2)Simultaneously,
existing approaches remain constrained by task-speci�city[42], requiring dedicated frameworks
for different stimulus types [43, 44, 45]. Models designed for static image reconstruction prove
ineffective for dynamic video decoding without substantial architectural modi�cations and retraining,
and the reverse limitation equally applies [46, 47]. This rigid task-dependency necessitates developing
separate optimized frameworks for each visual decoding scenario, severely restricting scalability and
real-world implementation. Cross-subject variability and task-speci�city represent major challenges
among several important bottlenecks in advancing neural decoding toward practical applications.

To address these limitations, we introduceNEED (Neural Decoding withEnhancedExtensibility
andDiversity), a uni�ed framework for cross-subject and cross-task EEG-based visual reconstruction.
NEED tackles those challenges in EEG decoding [48, 10, 49, 27, 50, 51, 35] through three key
innovations: (1) an Individual Adaptation Module that normalizes subject-speci�c patterns, (2) a
dual-pathway architecture capturing complementary visual information, and (3) a uni�ed inference
mechanism adaptable across tasks. Our experiments demonstrate NEED's ability to generalize to
unseen subjects [52, 53, 36, 37] and transfer between video and image reconstruction tasks [42, 44, 45]
without retraining—advancing neural decoding toward practical brain-computer interfaces that work
across diverse individuals and visual experiences.

In conclusion, our contributions can be summarized as:

• We propose the �rst uni�ed framework achieving zero-shot generalization across both EEG
decoding tasks (image/video) and subjects.

• We develop DSGNet, a dual-stream EEG encoder capturing both spatial patterns and temporal
dynamics of neural signals.

• We introduce a novel subject-adaptive module enabling robust multi-dataset knowledge transfer.

• We design a uni�ed inference mechanism that �exibly integrates multiple guidance signals for
adaptive reconstruction across visual domains.

2 Method

For more related work, see the Appendix A

2.1 Framework Overview

We introduce NEED, a uni�ed neural decoding framework with zero-shot cross-subject and cross-task
generalization capabilities for visual reconstruction from EEG signals. As illustrated in Fig. 2, NEED
comprises three principal components: (1) Cross-Subject Adaptation with a pretrained Individual
Adaptation Module (IAM) that addresses subject variability, (2) Dual-Pathway Understanding with
parallel Perception and Semantic modules that overcome limited spatial resolution and complex
temporal dynamics, and (3) a Uni�ed Inference Mechanism that adaptively generates reconstructions
across different tasks. The complete training and inference algorithm of our NEED framework is
detailed in Algorithm in Appendix B.

2.2 Cross-Subject Adaptation

Individual Adaptation Module (IAM) To align heterogeneous EEG patterns across subjects, we
propose the Individual Adaptation Module (IAM), a specialized architecture that transforms subject-
speci�c signals into a normalized representation space. The core of IAM consists of two complemen-
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Figure 2: Overview of the NEED framework architecture. (1) Cross-Subject Adaptation with the
Individual Adaptation Module (IAM) pretrained on multiple datasets to normalize subject-speci�c
patterns; (2) Dual-Pathway Understanding with parallel Perception (PU) and Semantic (SU) modules
that capture complementary visual information; and (3) a Uni�ed Inference Mechanism that adaptively
generates reconstructions across different tasks.

tary components: (1) a subject-aware attention mechanism that captures individual characteristics,
and (2) a subject-invariant transformation that extracts shared neural patterns. Detailed architecture
speci�cations and implementation details are provided in Appendix C.1.

For a given subjecti , their EEG representationE i 2 RT � d is processed through a multi-head
attention mechanism augmented by a learnable subject embeddingsi 2 Rds :
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where� � applies feature modulation guided by subject-agnostic knowledge
 S and dataset-speci�c
embeddingdj to accommodate different experimental paradigms. To enhance cross-subject general-
ization, IAM incorporates a hierarchical adaptation strategy that progressively normalizes signals
from low-level characteristics to high-level patterns withZ f inal = � 1Zsignal + � 2Zspectral +
� 3Z temporal + � 4Znorm , where coef�cients are learned adaptively.

Multi-Dataset Knowledge Transfer IAM is pretrained on multiple diverse EEG datasets—SEED,
DEAP, and EEGEYENET—to capture generalized neural response patterns across subjects with
varying cognitive states. During pretraining, we optimize a multi-objective loss functionL pretrain =
� L recon + � L adv (� D ; � G )+ 
D KL (p(Znorm jS) k p(Znorm )) whereL recon ensures reconstruction
quality,L adv implements adversarial subject disentanglement, and the KL divergence term minimizes
subject-speci�c information in the representations.

2.3 Dual-Stream EEG Encoder

Our framework's foundation is a specialized dual-stream EEG encoder (DSGNet) that addresses
limited spatial resolution and complex temporal dynamics in EEG signals through parallel processing
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streams. This architecture ef�ciently extracts complementary information from both the topographical
distribution and temporal evolution of neural activity. Detailed architecture speci�cations and
implementation details are provided in Appendix C.2

Spatial Stream ProcessingThe spatial stream leverages the inherent topographical structure of
EEG recordings by representing electrode positions in a spherical coordinate system. We employ
spherical harmonic embeddings to capture spatial patternsE (0)

spatial =
P L

l =0

P l
m = � l cl;m Y m

l (� i ; � i )
whereY m

l represent spherical harmonic functions andcl;m are learnable coef�cients. These spatial
embeddings are further re�ned through a graph convolutional network that models inter-electrode
relationships viaE ( l +1)

spatial = � ( ~D � 1
2 ~A ~D � 1

2 E ( l )
spatial W ( l ) ), where ~A = A + I N incorporates self-

connections into the adjacency matrix.

Temporal Stream ProcessingThe temporal stream captures dynamic neural responses across
multiple time scales using a generalized Riemann-Liouville fractional transformation:

R � (X )t =
1

�( � )

Z t

0

X (s)
(t � s)1� � ds; � 2 f � 1; :::; � m g (2)

This multi-scale approach with parameters� 2 f 0:2; 0:4; 0:6; 0:8g enables capturing both rapid
neural responses and slower contextual dynamics. The transformed features are processed through
dilated temporal convolutions with receptive �eld sized( l ) = 2 l � 1 to model dependencies across
various temporal ranges.

Cross-Stream IntegrationWe implement a cross-stream attention mechanism that enables dynamic
interaction between spatial and temporal representationsZ = � (Wg � [Espatial ; E temporal ; Zcross ] +
bg) � tanh(Wf � [Espatial ; E temporal ; Zcross ] + bf ) whereZcross represents cross-attention features
computed viaZcross = MultiHead(Q = Espatial W Q ; K = E temporal W K ; V = E temporal W V ).
To enhance robustness against common EEG artifacts, we apply multi-dimensional masking~E =
E � M spatial � M temporal � M f requency .

2.4 Dual-Pathway Understanding

Perception Understanding ModuleThe Perception Understanding (PU) module extracts low-level
visual dynamics essential for accurate reconstruction by integrating dual-stream encoder outputs with
advanced temporal modeling. The module processes EEG signals through a cascaded architecture
whereZp = 	 P U (� enc (IAM (E); � spatio � temp ); � task ), with � enc extracting spatial-temporal
patterns from normalized EEG features, and	 P U providing task-adaptive processing. Our key inno-
vation is the Dynamic Feature Extractor (DFE) with integrated Spatiotemporal Memory-Augmented
Recurrent Network (SMARN) that decomposes visual dynamics through multi-level processing:

"
Fm
Fs
Ft

#

=

"
Fmotion (T3D (V0); � m )
F spatial (T2D (V0); � s)

SMARN(TT D (V0); H t � 1; � r )

#

(3)

whereFm encodes motion patterns,Fs represents scene structures, andFt models temporal coherence
through our novel SMARN architecture.H t = � (Wh �[Vt ; H t � 1; M t ]+ bh ) with M t =

P
i � i M i

t � 1+
� t � Vt formulates hierarchical memory representations with attentional weights� i ; � t focusing on
relevant temporal features. To establish effective correspondence between neural signals and visual
dynamics, we employ a Bidirectional Dynamic Contrastive (BDC) alignment mechanism. Given
EEG embeddingsZ0 and enhanced visual featuresV1, we compute alignment using:

L BDC = �
NX

i =1

MX

j =1

wij log
exp(sim(Z i

0; V j
1 )=� )

P
k exp(sim(Z i

0; V k
1 )=� )

+ � kr t Z0 � r t V1k2
2 (4)

Here,wij represents learnable attention weights for feature importance,sim(�; �) is cosine similarity,
� controls distribution sharpness, andr t denotes temporal gradients. This formulation ensures
alignment in both feature space and temporal dynamics, enabling the model to identify neural patterns
corresponding to speci�c visual elements while maintaining consistent temporal evolution.

Semantic Understanding ModuleThe Semantic Understanding (SU) module operates in parallel
with PU to extract high-level conceptual content. The module transforms EEG signals asZs =
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� SU (� adapt (IAM (E); � LM ); � context ), where� adapt bridges neural signals and semantic concepts
via CLIP-ViT-G/14 keyframe features. Semantic alignment uses a Hierarchical Semantic Contrastive
loss across abstraction levels:

L HSC =
LX

l =1

� l �
�

� log
exp(Z l

s � C l
k =� )

P
n exp(Z l

s � C l
n =� )

�
+ � � kG(Zs) � G(Ck )kF (5)

where L represents semantic levels from concrete to abstract, andG(�) computes the Gram
matrix capturing semantic structure. We integrate language model capabilities viaZ3 =
FLLM (Fadapter (Zs)) with Cross-modal Semantic AlignmentL CSA = L cont (Z3; T) + 
 �
L KL (Z3; T) + � � L align (Z3; Keyframe ) whereL cont is attention-weightedwij contrastive learn-
ing betweenZ3 and text embeddingsT, L KL is KL divergence between their distributions, and
L align ensures alignment withBLIP 2(Keyframe ) embeddings. The enhanced embeddings
Z4 = Fdif fusion (Z3) condition SDXL unCLIP to generate predicted keyframes, enabling high-
quality reconstruction across diverse visual tasks without task-speci�c training.

2.5 Uni�ed Inference Mechanism

Adaptive Task Conditioning We implement an adaptive conditioning mechanism that modulates
the reconstruction process based on the target taskZ task = TaskAdapter([Zp; Zs]; � t ), where� t
indicates either video or image reconstruction. This mechanism automatically adjusts the processing
pipeline based on the reconstruction target while maintaining a shared parameter space.

Multi-Guidance Integration The integrated conditioning is computed as:ct = � t �
ControlNet(Keyframepred) + � t � TextEmbed(Captionfusion) + 
 t � Dynpattern + � t � Zeeg. where
Captionfusion is a fused textual description combining BLIP-2 generated captions from predicted
keyframes and complementary semantic descriptions from EEG embeddings processed through
a language model adapter. This dual-source caption fusion enhances semantic richness by in-
corporating both visual and neural information streams. The adaptive weights[� t ; � t ; 
 t ; � t ] =
softmax(MLP(zt )) dynamically adjust each guidance signal's contribution based on tasks.

Uni�ed Cross-Task Generation Our framework achieves zero-shot cross-task generalization by
leveraging shared neural patterns across visual modalities through a task-adaptive diffusion archi-
tecture. The diffusion process is de�ned asxT � N (0; I ), x t � 1 = � � (x t ; t; ct ; � t ) + � t � z, where
task encoding� t 2 f � video ; � image g explicitly differentiates between video and image processing,
enabling a single model to adapt without structural modi�cations. For cross-task adaptation, we
introduce conditional layer modulationhl (x t ; t; ct ; � t ) = 
 l (� t ) � Norm(hl � 1) + � l (� t ), where

 l (� t ) and� l (� t ) dynamically transform feature spaces according to task requirements. This design
creates a shared semantic representation space whereF video (Evideo ) � F image (E image ). When
processing image-related EEG signals, the model automatically con�gures the diffusion pathway by
adjusting conditional signals while keeping all parameters� �xed. Video reconstruction activates
temporal attention modules with weight� temp = � (W� � � video ), while image reconstruction shifts
emphasis to spatial detail enhancement with� spat = � (W� � � image ) while effectively zeroing
temporal components� temp � 0. The model adapts feature representation distributionsp(Z j� t ),
enabling conditional transformationP(x t � 1jx t ; � video ) 6= P(x t � 1jx t ; � image ) without architectural
changes.

3 Experiments

3.1 Datasets

Our NEED framework leverages multiple EEG datasets to enable zero-shot cross-subject and
cross-task generalization. We use SEED-DV [26] as our primary training dataset, containing
EEG recordings from 20 subjects watching 1,400 video clips across 40 visual categories, recorded
with a 62-channel cap at 1000 Hz. For IAM pretraining, we utilize SEED [54], DEAP [55], and
EEGEYENET [56], providing diverse data for robust subject-invariant representations. For cross-task
generalization evaluation, we test on THINGS-EEG [57], which contains recordings from 10 subjects
viewing 22,000 static images across 1,854 object categories. Full dataset details and preprocessing
are provided in Appendix D. .
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3.2 Experimental Settings

We preprocess EEG data with standard �ltering (0.5-40 Hz) and normalize sampling rates to 200 Hz
across datasets. Our framework handles channel con�guration differences across datasets through
the IAM module, using a cross-dataset adaptation strategy detailed in Appendix C.3. Training
proceeds in three stages: IAM pretraining on multiple datasets for subject-invariant representations,
dual-pathway architecture training on SEED-DV, and uni�ed inference mechanism �ne-tuning. We
evaluate using perceptual metrics (SSIM, PSNR), semantic metrics (CLIP-based classi�cation), and
temporal coherence measures (CLIP-pcc, FVD). Performance retention rate quanti�es generalization
capability relative to within-subject/within-task performance. Detailed implementation speci�cs are
provided in Appendix E.

4 Results

4.1 Visual Perception Benchmark

We evaluateDSGNet(the EEG encoder used in our NEED framework) on visual perception EEG
data collected during subjects viewing various stimuli. Table 1 compares DSGNet against established
EEG classi�ers and recent deep learning approaches. DSGNet consistently outperforms all baselines
across all tasks with statistical signi�cance (p< 0.05). The improvement is particularly pronounced in
challenging multi-class scenarios, with relative accuracy gains of 70.9% and 23.9% for 40-class and
9-class top-1 classi�cation respectively. Even in binary tasks where conventional methods approach
higher accuracy, DSGNet maintains 7-10% relative improvements.

Table 1: Average classi�cation accuracy (%) and standard deviation across all subjects with different
EEG classi�ers on visual perception tasks. The star symbol (*) represents results above chance level
with statistical signi�cance (two-sample t-test: p< 0.05).

Methods
Multi-class Classi�cation Binary Classi�cation

40-c top-1 40-c top-5 9-c top-1 9-c top-3 Color Fast/Slow Numbers Human Face Human
Chance level 2.50 12.50 11.11 33.33 20.57 50.00 65.64 62.25 71.43

EEG Features
SVM (PSD)[58] 5.19/2.81* - 19.02/3.27* - 21.31/2.97 53.56/1.11* 64.15/1.22 58.94/2.21 70.91/1.84
MLP (PSD) 6.20/3.02* 18.91/5.94* 21.59/3.00* 49.86/3.78* 22.02/3.27 55.15/1.20* 64.48/0.92 63.94/1.13 71.74/1.76
GLMNet (PSD)[26] [NIPS'24] 6.23/2.91* 18.98/5.62* 21.69/3.20* 50.03/4.10* 26.40/2.99* 55.42/1.32* 64.68/0.92 64.22/1.43 72.27/1.57
SVM (DE)[58] 4.82/2.80* - 19.05/3.39* - 21.07/2.88 53.34/1.25* 63.62/1.73 57.82/3.50 0.25/1.94
MLP (DE) 6.12/3.08* 19.02/5.71* 21.17/3.24* 49.40/4.94* 25.91/3.27* 54.76/1.25* 64.10/0.70 63.41/1.57 71.74/1.76
GLMNet (DE)[26] [NIPS'24] 6.16/3.18* 19.12/6.07* 21.34/3.34* 49.55/4.57* 26.15/3.24* 55.06/1.20* 64.25/0.74 63.63/1.80 72.27/1.58

Raw EEG Signals
ShallowNet[6] [HBM'17] 5.59/2.27* 16.93/4.66* 21.40/1.96* 49.62/2.34* 27.00/2.09* 56.62/1.77* 66.15/0.89 64.87/1.54 73.21/1.52
DeepNet[6] [HBM'17] 4.56/1.52* 14.30/3.25* 20.27/1.25* 48.06/1.59* 26.37/1.95* 55.42/0.59* 65.71/0.24 61.58/3.93 72.86/0.40
EEGNet[10] [JNE'18] 4.64/0.86* 14.25/1.87* 19.63/0.81* 47.04/1.45* 25.46/1.31* 51.99/2.00 64.67/0.60 61.37/1.31 72.38/0.98
TSCNet[8] [SMC'20] 6.84/2.15* 18.26/3.95* 22.18/1.76* 50.62/2.38* 27.85/1.63* 56.98/1.54* 66.54/0.87 65.42/1.35 73.51/1.28
Conformer[48] [TNSRE'22] 4.93/1.57* 15.36/4.44* 20.92/0.98* 49.25/1.49* 27.53/1.37* 55.02/0.83* 65.73/0.26 64.96/1.14 73.00/0.85
BraVL[2] [TPAMI'23] 7.05/2.23* 19.05/3.75* 22.53/1.84* 51.07/2.41* 28.12/1.52* 57.88/1.64* 66.92/0.83 65.76/1.38 73.65/1.23
EEGPT[13] [NIPS'24] 6.95/2.63* 18.85/4.11* 22.10/1.96* 50.55/2.33* 27.95/1.73* 57.10/1.85* 66.75/0.94 65.35/1.42 73.25/1.33
TSConv[19] [ICLR'24] 4.92/0.99* 15.05/2.31* 20.00/1.01* 47.76/1.51* 26.89/1.83* 55.32/0.99* 65.39/0.41 64.39/1.47 72.68/0.67
GLMNet[26] [NIPS'24] 6.20/3.02* 17.75/4.24* 21.93/1.87* 50.01/2.52* 27.33/1.45* 57.35/1.98* 66.21/0.91 65.10/1.45 73.34/1.31
DSGNet (Ours) [This work] 14.23/3.12* 25.75/4.44* 29.93/2.07* 58.01/2.72* 35.33/1.65* 65.35/2.18* 74.21/1.11 73.10/1.65 81.34/1.51

Relative Improvement of DSGNet over best baseline (%)
+101.8% +35.2% +32.8% +13.6% +25.6% +12.9% +10.9% +11.2% +10.4%

4.2 Video Reconstruction Results

Table 2 presents our framework's performance across video and image reconstruction tasks compared
to existing methods. For SEED-DV video reconstruction, our approach achieves superior semantic
accuracy (0.898 in 2-way classi�cation) while maintaining competitive visual �delity (SSIM: 0.356).
Ablation studies reveal the Individual Adaptation Module as most critical, with performance dropping
dramatically without it (0.898� 0.642 in 2-way accuracy). Both PU and SU pathways contribute
complementarily to overall reconstruction quality. Fig. 3 shows cases representative reconstructions.
Successful cases demonstrate our framework's ability to capture both semantic content and temporal
dynamics across diverse scenes. Failed cases (red) reveal limitations with complex motion patterns
and lighting conditions.
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Table 2: Comparison of visual reconstruction performance across EEG, fMRI, and MEG-based
methods for video and image reconstruction tasks. More detailed ablation experiments are shown in
the Appendix F.1.1 and Appendix F.1.2

Model Variant
Video Reconstruction Image Reconstruction

Video-based Frame-based Low-level High-level

2-way" 40-way" 2-way" 40-way" SSIM" PixCorr" SSIM" CLIP" Inception" SwAV#

EEG2video (EEG)[26] 0.852� 0.02 0.340� 0.01 0.798� 0.03 0.232� 0.02 0.300� 0.03 - - - - -
Wang (fMRI)[47] 0.773� 0.03 - 0.713� 0.04 - 0.118� 0.08 - - - - -
Kupershmidt (fMRI)[46] 0.771� 0.03 - 0.764� 0.03 0.179� 0.02 (50-way) 0.135� 0.08 - - - - -
MinD-Video (fMRI)[30] 0.839� 0.03 0.197� 0.02 (50-way) 0.796� 0.03 0.174� 0.03 (50-way) 0.171� 0.08 - - - - -
NeuroClips (fMRI)[45] 0.834� 0.03 0.220� 0.01 (50-way) 0.806� 0.03 0.203� 0.01 (50-way) 0.390� 0.08 - - - - -
ATM-S (EEG)[45] - - - - - 0.155 0.330 0.786 0.730 0.582
CognitionCapturer (EEG)[44] - - - - - 0.150 0.347 0.715 0.669 0.580
Mind's Eye (fMRI)[25] - - - - - 0.295 0.317 0.918 0.929 0.382
META-MEG (MEG)[40] - - - - - 0.072 0.320 0.683 0.702 0.615
Full Model (Ours) (EEG) 0.898� 0.02 0.405� 0.02 0.839� 0.03 0.293� 0.02 0.356� 0.02 0.162 0.352 0.795 0.742 0.575

w/o IAM 0.642� 0.03 0.104� 0.02 0.587� 0.04 0.085� 0.02 0.171� 0.02 0.054 0.063 0.421 0.398 0.732
w/o PU 0.723� 0.02 0.293� 0.02 0.678� 0.03 0.184� 0.03 0.201� 0.03 0.092 0.116 0.563 0.526 0.694
w/o SU 0.804� 0.03 0.146� 0.03 0.756� 0.03 0.102� 0.02 0.278� 0.02 0.127 0.153 0.654 0.613 0.621

w/o Task Cond. 0.845� 0.03 0.336� 0.02 0.786� 0.02 0.228� 0.03 0.295� 0.04 0.043 0.063 0.389 0.352 0.793
w/o DynPattern 0.836� 0.02 0.327� 0.02 0.743� 0.04 0.217� 0.03 0.284� 0.03 0.109 0.124 0.623 0.575 0.659
w/o ControlNet 0.825� 0.03 0.312� 0.03 0.767� 0.02 0.193� 0.02 0.263� 0.03 0.123 0.152 0.642 0.592 0.625
w/o Caption 0.831� 0.02 0.298� 0.02 0.775� 0.03 0.205� 0.03 0.271� 0.02 0.115 0.146 0.607 0.584 0.638

Figure 3: Sample video reconstruction results from our NEED framework on the SEED-DV dataset.
Red: Failed cases.

4.3 Cross-Subject Generalization and Temporal Analysis

Fig 4 visualizes NEED's cross-subject generalization capabilities as training subject count increases.
Classi�cation accuracy (Figure 6a) shows consistent improvement across all metrics, with 2-way
accuracy reaching 84.1% using 19 subjects. Quality metrics (Figure 6b) follow similar trends,
with CLIP-pcc improving most substantially (0.128� 0.682) while FVD decreases (584.7� 197.5).
Notable performance jumps occur between 5-10 and 10-15 subjects, suggesting threshold effects in
capturing generalizable neural patterns. Fig 4c-d displays temporal analysis across subjects, revealing
consistent information accumulation patterns despite individual variations. Further supporting
analyses are available in Appendix F.2 and Appendix F.5. These results demonstrate our framework's
robust ability to generalize across unseen subjects while preserving temporal dynamics.

4.4 Cross-Task Generalization

Table 2 presents our framework's zero-shot transfer capabilities on the THINGS-EEG static image
reconstruction task. Without �ne-tuning, NEED maintains competitive performance across all
metrics compared to task-speci�c models, achieving the highest SSIM (0.352) among EEG-based
methods. Task conditioning proves critical for enabling cross-task transfer, with performance dropping
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Figure 4: Cross-subject analysis on the SEED-DV dataset. (a) Classi�cation accuracy vs. training
subject count. (b) Reconstruction quality metrics vs. training subject count. (c) Individual 40-class
top-1 accuracy curves for all subjects. (d) Average accuracy with standard error.

dramatically without this component (SSIM from 0.352 to 0.063). The PU and SU modules contribute
complementarily to visual details and semantic accuracy, demonstrating our architecture's effective
handling of both dynamic videos and static images through task-adaptive mechanisms.

Figure 5: Zero-shot cross-task generalization results for static image reconstruction on the THINGS-
EEG dataset. Red: Failed cases.

Fig. 5 shows representative examples of zero-shot image reconstruction. Successful cases demonstrate
our framework's ability to capture key visual features and semantic content despite training solely on
video data. Failed cases (red) reveal current limitations in reconstructing �ne details and complex
object arrangements when transferring to static image tasks.

9



4.5 Brain Region Contribution Analysis

Different brain regions exhibit distinct contributions to neural decoding. Fig 6a shows classi�cation
accuracy when ablating speci�c regions, with occipital areas showing lowest performance individually
(8.1%) while full-brain integration yields highest accuracy (14.3%). For video reconstruction (Fig
6b), occipital-only signals capture basic scene structure but miss object details, while adding temporal
regions improves semantic content. Dynamic scenes require parietal involvement for effective motion
representation. Fig 6c illustrates the electrode distribution across �ve brain regions used in our
analysis. Similarly, static image reconstruction (Fig 6d) demonstrates quality improvement with
combined occipital and temporal signals, while adding parietal regions further enhances structural
�delity. These �ndings align with established visual processing pathways, supporting our dual-
pathway architecture design.

Figure 6: Brain region contribution analysis. (a) Classi�cation accuracy with different brain regions
ablated(SEED-DV). (b) Video reconstruction using different electrode combinations for static and
dynamic scenes(SEED-DV). (c) EEG electrode distribution across �ve brain regions. (d) Static image
reconstruction(THINGS-EEG).

5 Conclusion

In this paper, we introduce NEED, a uni�ed framework addressing cross-subject variability and
task-speci�city in EEG-based visual reconstruction. Our approach maintains substantial performance
when generalizing to unseen subjects and enables zero-shot transfer between video and image tasks.
This work demonstrates how neural decoding can move beyond subject and task boundaries toward
truly generalizable brain-computer interfaces. We provide further discussions on broader impacts and
future work in Appendix G and H, respectively.

6 Limitations

Despite NEED's advances, certain challenges remain in EEG-based visual reconstruction. Reconstruc-
tion quality, while improved, still falls short of photorealistic �delity for scenes with complex lighting
and �ne details. The framework currently performs optimally with higher-density EEG recordings,
presenting challenges for deployment with ultra-portable consumer devices. These represent broader
challenges in neural decoding rather than speci�c weaknesses of our approach.
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