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Abstract

Reconstructing video from brain signals is a pivotal task in
neural decoding. However, current frameworks struggle by di-
rectly aligning noisy EEG with coarse global captions and VAE
latents, inevitably leading to semantic misalignment and tem-
poral flickering. To bridge this gap, we propose M-STAR, a
bio-inspired framework that mimics human cognitive decom-
position. To our knowledge, M-STAR is the first framework to
decompose dense captions into object- and environment-level
semantics for robust alignment and employ an "Anchor-plus-
Residual" strategy that anchors generation to a stable visual
anchor and applies residual dynamics to maintain stability over
time. Specifically, this is achieved via the Factorized Seman-
tic Module (FSM) and the Anchor-Guided Dynamics Module
(ADM), respectively. Extensive evaluations on the SEED-DV
dataset demonstrate that M-STAR significantly outperforms
state-of-the-art methods, generating high-fidelity videos with
precise semantics and coherent motion. M-STAR establishes a
new baseline for fine-grained visual decoding, marking a signifi-
cant step towards high-fidelity visual brain-computer interfaces.

Keywords: EEG; Brain Visual Decoding; Video Generation;

Introduction
Decoding visual experiences from human brain activity stands
at the forefront of cognitive neuroscience and computer vi-
sion (Guenther et al., 2024; Nishimoto et al., 2011). While
early research was confined to decoding simple geometric
shapes or static categories (Fang et al., 2020; Naselaris et al.,
2009), the advent of generative models (e.g., Stable Diffu-
sion (Rombach et al., 2022)) has propelled the field toward
the complex domain of dynamic video reconstruction (J. Liu
et al., 2025; Lu et al., 2025). Although fMRI has histori-
cally dominated this landscape due to its spatial fidelity (Chen
et al., 2023; Gong et al., 2024), its low temporal resolu-
tion and reliance on cumbersome equipment limit practical
application. In contrast, Electroencephalography (EEG) of-
fers millisecond-level temporal precision and high portability,
making it uniquely suited for capturing continuous, dynamic
visual streams in real-world scenarios.

Despite recent advances in reconstructing visual content
from EEG signals (Huang, Luo, et al., 2025; J. Liu et al.,
2025; X.-H. Liu et al., 2024), significant limitations persist
that impede the decoding of high-fidelity videos, as illustrated
in Fig. 1. (1) EEG-Text Modality Gap. Natural videos in-
herently contain complex semantic hierarchies, comprising
foreground objects, background environments, and temporal

Figure 1: Motivation and Framework Overview. Unlike
prior methods limited by semantic misalignment and tempo-
ral flicking, M-STAR (Right) leverages a bio-inspired multi-
granularity strategy (Object/Scene) and Anchor-Guided dy-
namics. This design effectively ensures fine-grained semantic
fidelity and smooth motion.

motion. Consequently, captions derived from BLIP-2 (Li et
al., 2023) tend to be verbose and semantically saturated, creat-
ing a dense information space. In contrast, EEG signals reflect
perceptual and cognitive processes rooted in neural dynamics,
which are fundamentally disparate from the structured syntax
of natural language. Compounded by the inherent low signal-
to-noise ratio (SNR) of non-invasive recordings, EEG signals
lack the granularity to fully address such dense textual seman-
tics. Therefore, directly learning a mapping from low SNR
EEG signals to semantic-dense texts is an ill-posed problem,
making the model prone to severe overfitting and semantic
misalignment. (2) Spatiotemporal Inconsistency. Existing
approaches typically align EEG features directly with video
VAE latents via MSE objectives (X.-H. Liu et al., 2024). How-
ever, such rigid point-wise constraints fail to explicitly model
the underlying spatiotemporal structure of the visual content.
By neglecting the inherent temporal continuity and treating
feature alignment as a static matching problem, these methods
struggle to capture valid motion priors. Consequently, the de-
coded videos frequently suffer from severe temporal flickering
and disjointed motion trajectories, where the visual identity
of objects drifts or disintegrates across frames.

To address these challenges, we introduce M-STAR
(Multi-granularity Semantic-Temporal Architecture for
Reconstruction). M-STAR employs two specialized mod-
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ules to bridge the modality gap and ensure consistency. First,
inspired by the human visual attention mechanism, which
prioritizes foreground subjects over backgrounds (Brandman
& Peelen, 2017; Wischnewski & Peelen, 2021), the Factor-
ized Semantic Module (FSM) explicitly decomposes dense
captions into distinct object and scene descriptions. By
aligning noisy EEG with these fine-grained semantic com-
ponents instead of holistic sentences, FSM bridges the modal-
ity gap and guarantees robust text conditioning. Second,
to resolve spatiotemporal inconsistency, the Anchor-Guided
Dynamics Module (ADM) introduces a conditional “Anchor-
plus-Residual” strategy. By grounding generation on a de-
terministic visual anchor and modeling temporal evolution as
continuous residual deviations, ADM enforces coherent vi-
sual identity and effectively eliminates the flickering artifacts
prevalent in prior methods.

In conclusion, our contributions can be summarized as fol-
lows:

1. We propose M-STAR, a bio-inspired framework designed
to bridge the EEG-Text modality gap and resolve spatiotem-
poral inconsistencies, effectively addressing critical bottle-
necks in video reconstruction.

2. To our knowledge, we are the first to introduce the Factor-
ized Semantic Module (FSM) for decomposing dense cap-
tions and the Anchor-Guided Dynamics Module (ADM)
with an “Anchor-plus-Residual” strategy to explicitly en-
force motion consistency.

3. Experiments on the SEED-DV dataset demonstrate that M-
STAR significantly outperforms state-of-the-art methods,
achieving superior semantic fidelity and temporal smooth-
ness.

Related Work
fMRI and MEG Visual Decoding
Early work mainly used fMRI for its high spatial resolution,
evolving from using Bayesian decoding to deep generative
models (deconvolutional neural networks (DeCNNs) (Wen
et al., 2018), variational autoencoders (VAEs) (Kavasidis et
al., 2017), and generative adversarial networks (GANs) (Van-
Rullen & Reddy, 2019)), and more recently to latent diffu-
sion models (LDMs) (Rombach et al., 2022), such as Stable
Diffusion (Takagi & Nishimoto, 2023), for high-fidelity and
semantically consistent reconstructions by aligning brain sig-
nals with CLIP-style multimodal embeddings(Miyawaki et al.,
2008; Naselaris et al., 2009; Radford et al., 2021).

fMRI video reconstruction is hindered by low sampling
rates (TR ≈ 2 s) and slow BOLD dynamics, so recent
diffusion-based methods (e.g., MinD-Video, NeuroClips,
Mind-Animator, and NeuralFlix) still cannot achieve truly
frame-aligned decoding and usually map each fMRI window
to numerous video frames (Chen et al., 2023; Gong et al.,
2024; Lu et al., 2025; Sun et al., 2025). Meanwhile, MEG
cannot match fMRI for detailed image reconstruction and has
very limited deployability, which encourages a switch to EEG

for dynamic reconstruction (Benchetrit et al., 2024; Gross,
2019; Kim et al., 1997; X.-H. Liu et al., 2024)

EEG Visual Decoding
EEG is more scalable than fMRI and MEG due to its low cost
and portability (Gross, 2019; Nicolas-Alonso & Gomez-Gil,
2012), and its high temporal resolution makes it promising for
reconstructing dynamic visual perception (J. Liu et al., 2025;
X.-H. Liu et al., 2024).

Following the EEG2Video benchmark (X.-H. Liu et al.,
2024), subsequent studies have significantly improved seman-
tic fidelity and cross-subject generalization. For instance,
DynaMind (J. Liu et al., 2025) and MindCross (X.-H. Liu et
al., 2025) introduced explicit semantic-dynamic modeling and
subject disentanglement, respectively, while MindCine (Zhou
et al., 2026) leveraged the beyond-text-modality to reconstruct
videos. Despite these advancements, a critical limitation per-
sists: current diffusion-driven methods—including the LLM-
enhanced MINDEV (Huang, Wang, et al., 2025)—predom-
inantly rely on coarse global captions and implicit temporal
structures. This dependency inherently restricts the preserva-
tion of fine-grained visual identity and motion smoothness.
To bridge this gap, we propose M-STAR, which leverages
dense-caption supervision and an Anchor-Guided Dynamics
Module (ADM) to ensure both semantic fidelity and temporal
coherence.

Method
In this section, we present M-STAR, a unified framework for
reconstructing high-fidelity videos from non-invasive EEG
signals. As illustrated in Fig. 2, M-STAR comprises two
core components: Factorized Semantic Module (FSM) and
Anchor-Guided Dynamics Module(ADM) .

Factorized Semantic Module
Since video captions are structurally complex and
information-dense, directly learning a mapping between low
signal-to-noise ratio EEG signals and semantic-dense texts is
prone to overfitting. To mitigate this, the key insight is to
decompose the complex texts into two simpler components:
object descriptions and environment descriptions. By align-
ing EEG signals with these factorized prompts independently,
we reduce the mapping ambiguity and facilitate robust feature
learning. The FSM processes the Object and Environment
streams in parallel. As shown in Fig. 2, each stream follows a
two-stage components: a Semantic Encoder for feature align-
ment and a Condition Mapper for conditioning generative
models.

Semantic Encoder The primary objective of the Seman-
tic Encoder 𝐸𝑠𝑒𝑚 is to extract robust, discriminative features
from noisy neural signals while preventing overfitting to spe-
cific caption patterns. To achieve this, we adopt SoftCLIP
loss (Gao et al., 2024) to align the EEG embeddings e with
their corresponding factorized text embeddings t from the
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Figure 2: Overview of the M-STAR framework. The framework consists of the Factorized Semantic Module for fine-grained
semantic grounding and the Anchor-Guided Dynamics Module for consistent motion reconstruction.

pre-trained CLIP.

LSoftCLIP (t, ê) = −
𝐵∑︁
𝑘=1

𝐵∑︁
𝑙=1

[
exp(t𝑘 · t𝑙/𝜏)∑𝐵

𝑚=1 exp(t𝑘 · t𝑚/𝜏)

· log

(
exp(ê𝑘 · t𝑙/𝜏)∑𝐵

𝑚=1 exp(ê𝑘 · t𝑚/𝜏)

) ]
,

(1)

where t and ê are the ground truth text embedding and the
EEG embedding in a batch of size 𝐵. 𝜏 is a learned temper-
ature parameter. To guarantee comprehensive semantic un-
derstanding, we jointly optimize the object and environment
streams. The total semantic alignment loss is formulated as
the summation of the SoftCLIP objectives from both factor-
ized subspaces:

LSemantic = LSoftCLIP (t𝑜𝑏 𝑗 , ê𝑜𝑏 𝑗 )
+ LSoftCLIP (t𝑒𝑛𝑣 , ê𝑒𝑛𝑣),

(2)

where t𝑘 and ê𝑘 (for 𝑘 ∈ {𝑜𝑏 𝑗, 𝑒𝑛𝑣}) denote the ground-truth
CLIP text embeddings and the predicted EEG embeddings for
the respective semantic branches. Specifically, ê𝑘 = 𝐸𝑘 (𝑋)
represents the normalized semantic feature extracted from the
raw EEG signal X by the branch-specific encoder 𝐸𝑘 .

Condition Mapper To enable EEG-guided video genera-
tion, the aligned features must be adapted to match the condi-
tioning space of the generative models. Therefore, lightweight

Condition Mappers, 𝑀𝑜𝑏 𝑗 and 𝑀𝑒𝑛𝑣 , are employed to project
the EEG embeddings into the conditioning space of the Latent
Diffusion Model:

ĉ𝑘 = 𝑀𝑘 (ê𝑘), 𝑘 ∈ {𝑜𝑏 𝑗, 𝑒𝑛𝑣}. (3)

To ensure precise control, the text condition extracted by the
pre-trained SD text encoder are utilized as ground-truth tar-
gets. A mapping constraint is enforced via the Mean Squared
Error (MSE) loss:

LMap = ∥ĉ𝑜𝑏 𝑗 − c𝑜𝑏 𝑗 ∥2
2 + ∥ĉ𝑒𝑛𝑣 − c𝑒𝑛𝑣 ∥2

2, (4)

where c𝑘 denotes the ground-truth conditioning embedding
generated by the frozen SD text encoder given the text prompt
T𝑘 . Rather than merging these features into a unified vec-
tor—which risks collapsing distinct semantic attributes—a
Late Fusion strategy is adopted via sequence concatenation
to maintain semantic disentanglement. Let [·; ·] denote the
concatenation operation along the sequence length dimension.
The final condition c 𝑓 𝑖𝑛𝑎𝑙 , injected into the U-Net, is formu-
lated as:

ĉ 𝑓 𝑖𝑛𝑎𝑙 = [ĉ𝑜𝑏 𝑗 ; ĉ𝑒𝑛𝑣] . (5)

The overall objective for the FSM is the weighted sum:

LFSM = LSemantic + 𝜆𝑚𝑎𝑝LMap. (6)
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Anchor-Guided Dynamics Module
To address spatiotemporal inconsistency, we reformulate
video reconstruction not as independent frame generation, but
as a factorized process comprising a static visual foundation
(the initial state) and its subsequent temporal evolution (the
motion). Based on this, the Anchor-Guided Dynamics Mod-
ule is designed to generate a robust dynamic representation
by explicitly modeling the visual anchor and motion dynamics
sequentially. The process begins with temporal segmentation:
the raw EEG signals X ∈ R𝐶×𝑇 are sliced into 𝐹 consecutive
segments E = [x1, . . . , x𝐹]. Here, 𝐶 and 𝑇 denote the chan-
nel count and total time points, respectively, while 𝐹 denotes
the number of target video frames.

Visual Anchor Reconstruction The primary objective of
this stage is to establish a deterministic Visual Anchor—a
static representation corresponding to the initial frame of the
video—which serves as the spatial foundation for subsequent
motion generation.

Given the segmented EEG sequence E, a lightweight Spa-
tiotemporal (ST) Encoder Φ𝑆𝑇 is first employed to extract
frame-level embeddings Ê = Φ𝑆𝑇 (E). Subsequently, these
embeddings are temporally aggregated (e.g., via mean pool-
ing) to yield a global visual representation h𝑎𝑛𝑐ℎ𝑜𝑟 :

h𝑎𝑛𝑐ℎ𝑜𝑟 =
1
𝐹

𝐹∑︁
𝑡=1

Ê(𝑡 ) , v̂0 = D𝑟𝑒𝑐 (h𝑎𝑛𝑐ℎ𝑜𝑟 ), (7)

where 𝐹 denotes the number of segments, D𝑟𝑒𝑐 is the recon-
struction decoder, and v̂0 represents the predicted latent of the
first video frame. To enforce semantic consistency, we project
the global anchor feature h𝑎𝑛𝑐ℎ𝑜𝑟 into the CLIP latent space:

p̂ = P𝑣𝑖𝑠 (h𝑎𝑛𝑐ℎ𝑜𝑟 ), (8)

where P𝑣𝑖𝑠 is a learnable projector. We then align p̂ with
the ground-truth CLIP image embedding v via a symmetric
InfoNCE loss:

LAlign =
1
2

(
Lp̂→v + Lv→p̂

)
,

where L𝑥→𝑦 = − 1
𝐵

𝐵∑︁
𝑖=1

log
exp(𝑥𝑖 · 𝑦𝑖/𝜏)∑𝐵
𝑗=1 exp(𝑥𝑖 · 𝑦 𝑗/𝜏)

.

(9)

Here, 𝜏 denotes the temperature parameter, 𝐵 is the batchsize.

Residual Motion Reconstruction This stage focuses on de-
coding the temporal dynamics. Specifically, the predicted an-
chor v̂0 is re-encoded by a reference encoder Φ𝑟𝑒 𝑓 to extract
spatial guidance features. These features are concatenated
with the original EEG sequence embeddings Ê (extracted by
the ST Encoder) to form a dual-conditioned representation. A
temporal mixer M𝑡𝑒𝑚𝑝 then processes this sequence to pre-
dict motion residuals ΔV. The final dynamic input ĉ𝑑𝑦𝑛 is
synthesized by broadcasting the static anchor v̂0 across the
temporal dimension and superimposing the learned residuals:

ĉ(𝑡 )
𝑑𝑦𝑛

= v̂0 + Δv(𝑡 ) ,ΔV = M𝑡𝑒𝑚𝑝 (Ê ⊕ Φ𝑟𝑒 𝑓 (v̂0)). (10)

Here, ĉ(𝑡 )
𝑑𝑦𝑛

denotes the perceptual feature for the 𝑡-th frame,
and ⊕ represents feature concatenation. This residual formu-
lation ensures that the reconstructed video maintains the visual
identity defined by v̂0 while exhibiting plausible motion tra-
jectories. Then, we align the motion-aware features with the
ground-truth video latents z𝑔𝑡 (extracted by the frozen VAE
encoder):

LMotion =
1
𝐹

𝐹∑︁
𝑡=1

∥ĉ(𝑡 )
𝑑𝑦𝑛

− z(𝑡 )𝑔𝑡 ∥2
2. (11)

EEG-Guided Video Reconstruction
Leveraging the rich priors of pre-trained T2V models, we
propose a dual-guidance reconstruction mechanism. Specif-
ically, the structured semantic prompt ĉ 𝑓 𝑖𝑛𝑎𝑙 (from FSM) is
injected into the U-Net via Cross-Attention to determine the
semantic content (i.e., “what” appears). Simultaneously, the
motion-aware feature ĉ𝑑𝑦𝑛 (from ADM) serves as the struc-
tural initialization, replacing standard Gaussian noise to guide
the spatiotemporal dynamics. This synergy ensures both high
semantic fidelity and temporal coherence in the reconstructed
videos.

Experiments
Dataset
The experiments use an updated SEED-DV dataset (X.-H.
Liu et al., 2024). Following the original protocol, the seven
10min videos are divided into 1,400 two-second clips (200
clips × 7 trials), excluding the 3-second hints. For each of the
1,400 clips, we uniformly sample 12 frames (every 4th frame
at 24 fps) and pass them, in chronological order, as a sin-
gle multi-image prompt to GPT-5.2 (OpenAI Responses API)
(OpenAI, n.d.-a, n.d.-b) which returns a JSON response con-
taining captions that capture videos’ key features and cross-
frame motion, then breaking each down into descriptions of
(1) objects with attributes/actions and (2) background, and
lastly confirm that the two groups are mutually exclusive and
contain only their own associated details.

Evaluation Metrics
Following prior benchmarks (J. Liu et al., 2025; Zhou et al.,
2026), we assess performance using pixel-level and semantic-
level metrics. (i) Pixel-level fidelity: We report the aver-
age Structural Similarity Index Measure (SSIM) (Wang et
al., 2004) and Peak Signal-to-Noise Ratio (PSNR) (Huynh-
Thu & Ghanbari, 2008) per frame. (ii) Semantic Accuracy
(Frame & Video): We employ the N-way top-1 accuracy
protocol (𝑁∈{2, 40}). A reconstruction is deemed correct if
the ground-truth class ranks first among 𝑁 candidates (GT +
distractors). For frame-based metrics, we use a CLIP classi-
fier (Radford et al., 2021); for video-based metrics, we use a
VideoMAE classifier pretrained on Kinetics-400 (Tong et al.,
2022). Scores are reported as mean±std over repeated trials.
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Table 1: Quantitative comparison of brain decoding between M-STAR and other methods.

# Classes Method
Video-based Frame-based

Semantic-level Semantic-level Pixel-level

2-way 40-way 2-way 40-way SSIM PSNR

10

Ours 0.858±0.03 0.346±0.03 0.842±0.02 0.339±0.03 0.318±0.07 9.377±1.56
DynaMind 0.847±0.01 0.330±0.03 0.833±0.02 0.308±0.01 0.309±0.02 —
MindCine 0.867±0.03 0.331±0.02 0.826±0.03 0.288±0.02 0.333±0.10 9.568±1.42
EEG2Video 0.852±0.02 0.340±0.01 0.798±0.03 0.232±0.02 0.300±0.03 9.058±1.24

40

Ours 0.824±0.03 0.215±0.03 0.800±0.03 0.200±0.03 0.289±0.08 8.989±2.14
DynaMind 0.820±0.02 0.188±0.02 0.791±0.03 0.185±0.01 0.280±0.01 —
MindCine 0.818±0.03 0.179±0.02 0.787±0.02 0.171±0.03 0.278±0.11 9.035±1.74
EEG2Video 0.798±0.03 0.159±0.01 0.774±0.02 0.138±0.01 0.256±0.03 8.684±1.46

Figure 3: Comparison on EEG-to-video benchmark.

Results

Comparison with State-of-the-Art Methods

In this section, we compare M-STAR with previous video re-
construction methods on the SEED-DV dataset. As shown in
Table 1, our proposed method demonstrates superior perfor-
mance across most quantitative metrics. Notably, M-STAR
delivers leading performance in semantic-level metrics (2-way
and 40-way accuracy), indicating its exceptional capability in
decoding high-level semantic information from EEG signals.
In 40 classes full dataset, although M-STAR yields the second-
best score in PSNR, it outperforms others in SSIM. It is worth
noting that PSNR solely measures pixel-wise intensity differ-
ences (based on MSE) and may not fully reflect perceptual
quality. In contrast, SSIM provides a better assessment of
structural consistency and perceptual fidelity, further validat-
ing that our model generates frames with higher structural
accuracy. These results validate that our method effectively
bridges semantic and spatiotemporal feature learning, setting
a new benchmark for video understanding tasks.

Ablation Study

In this section, we systematically evaluate the key components
of M-STAR, as detailed in Table 2. Specifically, we investigate
the impact of different semantic granularities, the effective-
ness of the two proposed modules, and the contribution of
different loss functions during the training phase.

Multi-Granularity Components Under the Only Bg set-
ting, although the lack of foreground guidance limits se-
mantic certainty, the model still achieves a 40-way score of
0.242; this is primarily attributed to the characteristics of the
SEED-DV dataset, which contains certain scene-centric cate-
gories—such as forest and building —where foreground and
background are inherently intertwined. While shifting to the
Only Obj configuration yields a substantial boost in semantic
metrics, it remains sub-optimal due to the absence of envi-
ronmental context. Ultimately, by integrating both object and
background semantics (Obj+Bg), the background informa-
tion effectively compensates for these missing cues, resulting
in reconstructed videos with significantly enhanced semantic
precision and richness.
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Table 2: Ablation study of key components in M-STAR on the 10-class subset.

Video-based Frame-based

Model 2-way 40-way 2-way 40-way PSNR

Multi-Granularity Components Ablation
Only Bg 0.757±0.03 0.242±0.03 0.765±0.03 0.225±0.03 9.322±2.03
Only Obj 0.852±0.02 0.330±0.03 0.822±0.03 0.303±0.03 9.211±2.20
Obj+Bg 0.858±0.03 0.346±0.03 0.842±0.02 0.339±0.03 9.377±1.56

Module Ablation Performance
w/o FSM 0.775±0.03 0.300±0.03 0.748±0.04 0.171±0.03 9.420±1.42
w/o ADM 0.835±0.03 0.335±0.03 0.828±0.02 0.292±0.03 9.098±1.42
Full Model 0.858±0.03 0.346±0.03 0.842±0.02 0.339±0.03 9.377±1.56

Loss Ablation Performance
w/o LSemantic 0.841±0.03 0.291±0.03 0.788±0.03 0.249±0.03 9.388±1.94
w/o LAlign 0.819±0.03 0.280±0.03 0.799±0.02 0.220±0.03 9.058±2.01

Module Ablation We further evaluate the contributions of
the FSM and ADM branches. Removing FSM causes a sharp
drop in semantic metrics, yet yields a higher PSNR. This oc-
curs because, without explicit semantic guidance, the model
tends to regress to generating conservative, blurry mean-value
backgrounds; while this minimizes pixel-wise Mean Squared
Error (thereby boosting PSNR), the resulting videos lack
meaningful semantic content. Conversely, removing ADM
leads to a significant decline in PSNR with only a minor im-
pact on semantic scores, highlighting its role in maintaining
perceptual fidelity. These results substantiate that the two
modules are mutually indispensable: FSM ensures semantic
fidelity, while ADM guarantees perceptual quality.

Loss Ablation Finally, we examine the influence of the
training losses. Removing LSemantic causes the model to
degenerate into a coarse alignment framework similar to
EEG2Video, where the lack of explicit factorized guidance
leads to a substantial loss in semantic details. On the other
hand, excluding LAlign significantly impairs the ADM branch.
Without this alignment, the anchor features fail to match the
ground-truth image embeddings and instead manifest as noise.
This noisy guidance not only degrades perceptual fidelity, but
also interferes with the semantic decoding process, resulting
in an overall performance drop across all metrics.

Visualization
As illustrated in Fig. 3, M-STAR outperforms SOTA meth-
ods in semantic fidelity. Benefiting from the FSM, our model
accurately reconstructs high-level semantics such as snowy
slopes and specific objects (e.g., hot air balloons). Meanwhile,
the ADM ensures superior temporal smoothness and realis-
tic motion, as evidenced in the skiing sequence. To validate
that our model truly learns the foreground and background se-
mantics, we perform reconstructions using EEG embeddings

Figure 4: Qualitative results demonstrating the semantic
alignment of M-STAR across different text granularities, from
background-only to full object-background descriptions.

conditioned on varying semantic granularities. As illustrated
in Fig. 4, when conditioned on background-only semantics
(middle row), the model generates high-quality scenes (e.g.,
sky or ocean) that align with the background context but omit
the specific objects. In contrast, when full object-background
semantics are provided (bottom row), the model successfully
reconstructs the salient objects while maintaining background
consistency.

Conclusion
In conclusion, M-STAR addresses the critical challenges of
semantic misalignment and temporal flickering in EEG-based
video reconstruction. Driven by a bio-inspired cognitive strat-
egy, our framework leverages the synergy between the Fac-
torized Semantic Module and the Anchor-Guided Dynamics
Module to effectively decouple complex semantics and en-
force robust motion dynamics. Extensive experiments demon-
strate its significant superiority over existing baselines, estab-
lishing a rigorous new standard for fine-grained, high-fidelity
neural decoding.
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