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Abstract

Reconstructing video content from EEG (electroencephalo-
gram) is a research task of significant scientific impor-
tance. However, due to inter-subject differences in phys-
iological states and variations in signal acquisition con-
figurations, this task faces the challenge of inconsistent
cross-subject generation. To address this, we propose a
Subject Adversarial and Mapping Network (SAM-Net). In
SAM-Net, we first introduce a Hybrid Region-Temporal
(HRT) Encoder to conduct inter-channel semantic interac-
tions guided by brain regions and aggregate temporal se-
mantics across different time scales. Secondly, we pro-
pose a Centered-progressive Subject Adversarial (C-SA)
Mechanism to gradually narrow the metric distance be-
tween different subjects, thereby obtaining a unified and
stable semantic representation.  Thirdly, we design a
New2Source Mapper to align the EEG distribution of new
subjects with that of multiple known subjects. Finally, we
adopt a keyframe-guided continuous semantic generation
paradigm to drive the production of coherent and high-
quality videos. Extensive experiments validate the competi-
tive performance of our SAM-Net in cross-subject EEG-to-
Video generation tasks, as well as its excellent performance
in generation tasks involving new subjects.

1. Introduction

By decoding brain signals to reconstruct visual content, it
becomes feasible to create a mental world, applying this
approach to brain mechanism analysis, artistic creation, hu-
man - computer interaction, etc. Current research on recon-
structing visual content from brain signals primarily em-
ploys functional magnetic resonance imaging (fMRI) [3,
5, 6, 9] or electroencephalography (EEG) [2, 4, 13, 26].
EEG recording equipment, compared to fMRI, is typically
portable, cost-effective, and offers high temporal resolu-
tion. Given that humans typically perceive dynamic visual
information, leveraging EEG signals proves more advanta-
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Figure 1. (a): T-SNE visualization of all subjects before and after
using C-SA and New2Source. (b): Our method and other methods
demonstrate result in cross-subject and new subject scenarios.

geous for reconstructing dynamic visual content. To this
end, the dataset introduced in [17] pioneers video recon-
struction from EEG, aligning EEG with descriptions and
frames, and generate video using Tune-A-Video [25]. Dy-
naMind [16] further improves dynamic consistency in EEG-
to-Video (E2V) reconstruction by extracting temporal fea-
tures from EEG time patches and integrating them into the
diffusion process. However, generating videos from EEG
faces the significant challenge of inter-subject EEG signal
variability (i.e., the EEG semantic distributions of different
subjects shown in Fig. 1-(a)), primarily due to physiologi-
cal differences among subjects, variations in physical setups
during signal acquisition, and interference from other spu-
rious signals.

The key to addressing this challenge lies in establish-
ing a unified EEG semantic representation for all subjects,
especially in terms of its generalization to new subjects.
Most existing E2V reconstruction methods [6, 18] overlook
the perception and modeling of spatiotemporal semantics in
EEG signals. ATM [13] divides EEG signals into tokens
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by channel and extracts spatiotemporal embeddings using
a CNN-based method, while DreamDiffusion [2] randomly
masks portions of EEG data and reconstructs them based on
contextual cues. However, they often lack explicit modeling
of brain priors, such as the functional specialization of brain
regions and the multi-scale nature of neural dynamics, and
struggle to capture fine-grained neural patterns, especially
those distributed across specific brain regions and varying
temporal scales. This limitation led us to design a multi-
region, multi-timescale encoder that explicitly models neu-
ral activity from distinct brain areas and hierarchically inte-
grates temporal dynamics. Accordingly, we attempt to par-
tition brain regions and construct the aggregation of interac-
tions between brain regions as well as multi-scale temporal
semantics.

To enable EEG semantic representation to encompass
multiple subjects, some methods use multiple subject-
specific encoders [6], cyclic semantic reconstruction [22],
and multi-expert and memory storage mechanisms [18] to
retain heterogeneous information between subjects. While
these strategies enhance cross-subject vision reconstruction,
they increase storage overhead [18, 22] and impose signif-
icant computational costs for video generation tasks [22].
Moreover, they are often tailored for fMRI data and over-
look the temporal semantics of EEG signals. Recent EEG-
based emotion recognition tasks [14, 23, 27] have attempted
to address the challenge of cross-subject scenarios. How-
ever, [14, 23] still assign a semantic modeling branch to
each subject, posing challenges when dealing with a large
number of subjects. [27] progressively reduces the dis-
tance between other subjects and a designated target sub-
ject. However, such target subject is determined either ran-
domly or through direct assignment. In the event that an
ambiguous subject is selected, deviations may occur in the
unification of the overall subjects. To this, we attempt to
combine multiple subjects to identify a reasonable central
subject and drive other subjects to gradually approach the
central subject from near to far.

Apart from conducting unified modeling for multiple
known subjects, another key issue is how to enhance the
generalization performance of subjects with minimal com-
putational overhead when encountering new subjects. For
new subjects, the model faces a significant distribution
shift in EEG signals compared to known subjects, coupled
with severe data scarcity due to the cumbersome and time-
consuming nature of EEG data collection. As shown in
Fig. 1-(b), methods lacking unique designs for cross-subject
and new subject adaptation can cause semantic confusion
during reconstruction, resulting in significant discrepancies
with real stimuli. While [27] attempts to fine-tune the
trained model using new subjects to achieve subject gen-
eralization capability, this approach risks perturbing the se-
mantic representations of known subjects. Thus, we attempt

to perform interactive mapping of EEG semantics between
new and known subjects solely during the encoding stage to
drive the model’s adaptation to new subjects.

Beyond essential EEG semantic modeling, another key
challenge in EEG-to-Video reconstruction is ensuring tem-
poral coherence in visual semantics and spatial plausibil-
ity. A series of advanced Text-to-Video (T2V) generation
models have made this concept feasible. Traditional T2V
methods [7, 25], which generate videos solely from textual
prompts, often produce spatially inconsistent or implausible
scene layouts. Subsequently, SparseCtrl [8] enhances the
controllability of T2V through the incorporation of an ad-
ditional sparse conditional encoder and keyframes. Given
EEG’s high temporal resolution, the semantic gap between
EEG and text makes it difficult to directly apply [8] for
generating semantically coherent video content. Therefore,
we aim to first bridge the modal gap between EEG and Vi-
sion/Text, and then model EEG semantic latent sequences
alongside high-quality keyframes to guide [8] in producing
high-quality content.

Above all, we propose a Subject Adversarial and Map-
ping Network (SAM-Net) for the cross-subject EEG-to-
Video reconstruction. Within the framework of SAM-Net,
we initially introduce a Hybrid Region-Temporal (HRT)
Encoder. This encoder is designed to facilitate inter-channel
semantic interactions under the guidance of brain regions,
while also aggregating temporal semantics across diverse
time scales. Subsequently, we put forward a Centered-
progressive Subject Adversarial (C-SA) Mechanism. Its
purpose is to incrementally reduce the metric distance be-
tween different subjects, ultimately achieving a unified and
stable semantic representation. Moving forward, we devise
a New2Source Mapper, which aims to align the distribu-
tion of new subjects with that of known subjects through
a semantic interactive mapping approach. Lastly, we have
designed a video content generation paradigm guided by
keyframes and multi-type EEG semantics. This paradigm
is intended to drive the generation of coherent and high-
quality videos. Through extensive experiments, we have
confirmed the competitive performance of our SAM-Net
in cross-subject EEG-to-Video generation tasks. Moreover,
it has demonstrated outstanding performance in generation
tasks that involve new subjects.

2. Related Work

Brain Signal to Image Reconstruction. Reconstructing
images from brain signals [2, 6, 9, 13, 20, 22, 26] is a foun-
dational task in visual decoding. The primary goal is to
generate images that are semantically and perceptually sim-
ilar to the visual stimuli presented to the subject. Research
in this area has evolved along two main tracks, primarily
distinguished by the source of brain signals: the high spa-
tial resolution of fMRI and the high temporal resolution of
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EEG. (i) fMRI-to-Image Reconstruction: Early founda-
tional studies, such as the work by Haxby et al. [9], demon-
strated that distinct categories of visual stimuli evoke dis-
criminable patterns of fMRI activity. Building on such in-
sights, [6] uses multiple subject-specific encoders to gener-
ate cross-subject images. [22] adopts a cyclic semantic re-
construction approach to enhance the consistency between
generated images and electroencephalogram (EEG) seman-
tics. And [18] further employs multi-expert and memory
storage mechanisms to retain heterogeneous information
between subjects. Despite their outstanding performance in
the image generation, these methods are often tailored for
fMRI data and overlook the temporal semantics of EEG sig-
nals. Moreover, they increase storage overhead [18, 22] and
impose significant computational costs for video generation
tasks [22]. (ii) EEG-to-Image Reconstruction: Com-
pared to fMRI, EEG provides a more temporally precise but
spatially coarse signal, making visual reconstruction par-
ticularly challenging. Li et al. [13] proposed a zero-shot
framework that incorporates a custom Adaptive Thinking
Mapper (ATM) to encode EEG signals into a pre-trained
text-to-image model. CognitionCapturer [26] argue that
previous methods often underutilize EEG data by relying
predominantly on image-EEG mutual information. Their
method introduces depth information as an auxiliary super-
visory signal to enrich the EEG feature representation and
improve reconstruction quality.

Brain Signal to Video Reconstruction. The recon-
struction of dynamic visual content [3, 5, 11, 12, 16, 17, 21]
from brain activity represents a more complex and emerg-
ing frontier. This task requires capturing not only the static
visual content of individual frames but also the temporal
dynamics and motion patterns between them. Similarly,
the brain to video is divided into two pathways: fMRI
and EEG. (i) fMRI-to-Video Reconstruction: Cinematic
Mindscapes [3] processes fMRI data via masked brain mod-
eling and spatiotemporal multi-modal contrastive learning,
feeding the representations into an augmented Stable Diffu-
sion model for high-quality video synthesis. NeuroClips [5]
injects both high-level semantics and low-level perceptual
cues into a pre-trained diffusion model, ensuring smooth
and semantically consistent video reconstruction. (ii) EEG-
to-Video Reconstruction: EEG2Video [17] constructed
the SEED-DV dataset—addressing the scarcity of EEG-
video paired data—and pioneered EEG-to-video transla-
tion. DynaMind [16] achieves high visual fidelity and tem-
poral coherence by explicitly modeling brain region inter-
actions and temporal dynamics. Nevertheless, they have
overlooked the exploration of cross-subject generation is-
sues. Therefore, in contrast to them, we attempt to develop
a cross-subject EEG-to-video reconstruction method.

3. Methodology

Overview. The pipeline is shown in figure 2. In the con-
text of SAM-Net, the Hybrid Region-Temporal (HRT) En-
coder is specifically engineered to enable inter-channel se-
mantic interactions guided by brain regions, and simulta-
neously aggregate temporal semantics across various time
scales; the Centered-progressive Subject Adversarial (C-
SA) Mechanism is to gradually minimize the metric dis-
tance among different subjects, thereby attaining a unified
and stable semantic representation; the New2Source Map-
per is designed to make the EEG distribution of new sub-
jects consistent with that of multiple known subjects; we
adopt a keyframe-guided continuous semantic generation
paradigm (i.e. Video Reconstruction Process) to spur the
production of coherent and high-caliber videos.

3.1. HRT Encoder

The input to Hybird Spatio-Temporal (HRT) Encoder is the
EEG signal £ € RE*CXT where B, C and T denote batch
size, the number of EEG electrode channels and time steps,
respectively. The output consists of embeddings aligned to
text or latents aligned to video, denoted as E € RB*77x768
and L € RBXEx% respectively, H and W are the height
and width of the reconstructed video.

EEG Augmentation. A major challenge in cross-
subject EEG decoding lies in the coexistence of target
stimulus-evoked responses and subject-specific interference
caused by non-target brain activity and biological noise
(Detailed analysis in supplementary materials 5.2). To pre-
vent the model from overfitting to these specific patterns,
we augment EEG signals prior to formally extracting EEG
semantics (as illustrated in Fig. 3). Specifically, we first in-
ject Gaussian noise (akin to DiffMDD [24]) into the EEG
signal £, mimicking inter-subject variability to force the
model to disregard subject-specific features and focus on
robust, invariant neural correlates of visual stimuli com-
mon across individuals. Then, to ensure the model does
not become overly sensitive to noise or specific electrode
patterns, we apply random dropout RD to the electrode
channels. The entire process is computed as EAugment =
RD(E + N (u,0?)).

Region-guided Semantic Perception. Research in neu-
roscience has shown that different regions of the brain acti-
vate in response to distinct types of visual stimuli. For ex-
ample, calm natural scenery, architecture, and fast-moving
objects, like cars, may activate different brain regions. And
compared to electrode channels, perceiving and extracting
semantics based on regions is more robust. To capture these
region-specific responses, we propose the Region-guided
Semantic Perception strategy, which learns to focus on the
relevant brain regions for different types of visual stimuli.
Specifically, we first apply electrode attention on £ Augment
to measure the contribution of each electrode to the task at
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Figure 2. Overall architecture of Subject Adversarial and Mapping Network (SAM-Net). (a) EEG signal is encoded into the latent space
using VAE [10] and the visual stimuli were understand as text descriptions using BLIP [15], and then encoded into the embeddings using
the CLIP [19] text encoder. For the input EEG, if it comes from a new subject, it is then passed through New2Source Mapper before being
input into the subsequent HRT encoder. (b) EEG input is fed into the HRT (as shown in Fig. 3) text and visual encoders for embedding
and latent alignment, respectively. Meanwhile, we used the C-SA(as shown in Fig. 4) strategy for training on EEG signals from multiple
subjects. (¢) The embeddings and latents obtained from EEG, along with the keyframe obtained through /2] model from the first frame,
are used as conditions for 72V model. (d) Simulating the scarce EEG of new subject using real EEG data from known subjects promotes
the convergence of the new subjects’ EEG distribution to the known subjects.

hand. This helps us prioritize the most informative elec-
trode channels for each input.

WElectrode = U(L(ReLU(L(AP(gAugment)))))

gEA = WEiectrode ® 5Augment

6]

where o is sigmoid, LL is linear layer, ReLU is activation
function, AP is adaptive average pooling.

Next, we divide the EEG signals into five brain regions
based on their anatomical locations: Frontal, Parietal, Cen-
tral, Temporal, and Occipital. For each of these regions,
we apply a dedicated extractor to capture the region-specific
features.

Divide
5EA . gFro.7 gPar.7 EC'en.a 5Tem.7 gOcc.

2
After processing by the region-specific extractors, the fea-
tures from each region are concatenated and passed through
a linear layer to obtain the Espatial.

Espatiat = L(|lie{rro,Par,...}[D(BN(GELU(Conv(E:))))])
3)
where D is dropout, BN is batch normalization, C'onv is
1D CNN layer.
Multi-scale Temporal Dependency Perception. EEG
signals frequently encompass temporal patterns with vary-
ing durations. For instance, the time spans occupied by
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a slowly walking individual and a rapidly moving vehi-
cle within EEG signals differ significantly. In response to
this, we propose the Multi-scale Temporal Dependency Per-
ception Strategy in an attempt to perceive different types
of motion events in visual scenes. Specifically, we first
project Espatial to obtain the Key (KX = L(Espariar)) and
Value (V' = L(Espatiar)) matrices, while the Query (Q)
is trainable parameters, similar to BoQ [1]. Then, we ap-
ply multi-scale 1D CNN at temporal dimension K., =
|lic{s5,11,213[Conv;(K)], where || denotes concatenation.
Finally, the K.,, are processed through an attention layer
to capture semantic dependencies across different time
steps:

T,
(Q) \/aKtem) . V]
“4)

where Soft. is softmax, Qlel represents a total of L lay-
ers. After that, we project features Eiemporal to dimensions
for downstream tasks (e.g., text embeddings, video latent),
ensuring control over video generation.

3.2. C-SA Mechanism

A fundamental challenge in cross-subject EEG decoding
is the significant distribution shift between subjects, where
identical stimuli evoke subject-specific neural responses.
This variability degrades model generalization across sub-

L
Etemporal = O Transformer[Soft.(
1=1
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Figure 3. Overall architecture of our proposed Hybrid Region-Temporal (HRT) Encoder, which contains two novel designs: Region-guided

Spatial Perception and Multi-scale Temporal Dependency Perception.

jects. To tackle this, we propose the Centered-progressive
Subject Adversarial (C-SA) mechanism, which uses a pro-
gressive strategy: it selects the most representative central
subject as a starting point and iteratively adds the nearest
remaining subject to adversarial training. Specifically, for
subjects S = {S1,Sa, -+ ,Sn }, where N represents the to-
tal number of subjects, we first need to find the most repre-
sentative center subject as the starting point for progressive
adversarial training. For the i-th subject S;, we calculate the
average feature vector of its EEG data: f; = % ?:1 Xij, T
is the number of samples for the i-th subject, x;; is the j-th

EEG sample of the subject. Next, we calculate the distance
flf]

(£ 011510

The central subject is defined as the subject with the highest

average similarity to other subjects:

metric between all pairs of subjects: d(i,j) =1 —

1
. . 5
c argl?eagc 7|S\ 1 E ‘51m(z7j) 5)
JES,jFi

Selecting the central subject as the training starting point
is advantageous because its EEG feature distribution best
reflects the common features of the whole subject group.
Let C; be the set of subjects selected in stage ¢, Ry = S\ C
is the remaining set of subjects.

Progressive Addition. Initial stage (t = 0): Cy =
{c*}. Selection process (t > 0): For each remaining subject
r € Ry, calculate its minimum distance to the selected set
C}, and select the subject with the smallest distance to the
selected set to join:

Ty = arg Felglt Amin (7, Ct), dinin (1, Ct) = gEHCI'i d(r,c) (6)

Update selected set: Cyy1 = C; U {r;} Each time a new
subject is added, C} is input into the HRT encoder. Training
ends when C; = S, meaning all subjects have joined the
training.

Subject Adversarial. Relying solely on Progressive
Addition Process cannot bridge the gap between individuals

Figure 4. Process of Centered-progressive Subject Adversarial (C-
SA). (i) Original multiple subjects distribution. (ii) Find the cen-
tral subject that best represents all subjects. (i) Find the subject
closest to the center and perform subject adversarial learning. (iv)
/ (v) For the new center composed of multiple subjects, continue to
progressively find the nearest subject for adversarial training. (vi)
C-SA ends when all subjects have joined the training.

and thus fails to represent invariant EEG semantics across
subjects. To facilitate the optimization of the HRT Encoder
with Progressive Addition Process, we introduce a Gradient
Reversal Layer (GRL) and a subject classifier. The aim to
confuse HRT Encoder about which subject the features it
obtains come from. The subject classifier receives the HRT
encoder’s output through a GRL and predicts the subject
category ;% to which the input sample belongs. The subject
classifier uses cross-entropy loss:

K

Esubject = - Z Yik 1Og(y1k) @)
k=1

where K is the number of subjects in the current phase.

The GRL enables adversarial training by acting as an
identity function during forward propagation but reversing
the gradient sign during backpropagation:

AGRL(f)

T Y (8)
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where f is the feature output of HRT, A is the adversarial
weight and I is the identity matrix. GRL’s characteristics
establish an adversarial relationship: During forward propa-
gation, the subject classifier normally receives features from
the encoder and calculates the loss Lgpject. During back-
propagation, the subject classifier parameters are updated
normally based on the gradients of Lypject to improve clas-
sification performance. However, the gradients flowing to
the encoder first pass through the GRL and are multiplied
by —\. This means that the HRT’s optimization objective
effectively becomes maximizing Lgupjecr, Which is the oppo-
site of the subject classifier. This adversarial compels the
HRT to learn subject-invariant representations. The process
effectively minimizes the distributional discrepancy among
subjects in the latent space, forcing the model to rely on
robust embedding that are common across subjects.

3.3. New2Source Mapper

In practical applications, collecting EEG signals from new
subjects is costly, and the neural patterns of different sub-
jects often vary significantly. Directly applying EEG data
from new subjects to existing models may yield subopti-
mal results due to these differences. To this end, we try
to build the mapping relationship between the new sub-
ject and the known subjects, i.e. simulating the new sub-
ject using multiple known subjects and then combine it
with the real new subject. Known subjects are denoted as
S = {81,8,...,Sn}, with the new subject represented
by Spew. Firstly, we used known subjects to simulate the
new subject by
SP

D o = Source2New(SP)

Lson = MSE(S?,,,, SP

*
new?’ - new )

©))

where p represents the proportion of the current data relative
to the complete dataset, S?,,, is p% EEG data from new
subject and 82, * is the corresponding p% simulated EEG
data.

Secondly, we apply the trained Source2New Mapper to
convert the remaining (1 — p)% of the data from the known
subjects into simulated EEG data for the new subject, de-
noted as P pew”:

Sfé;p)* = Source2New(S17)) (10)

Finally, we train the New2Source Mapper using both the
simulated and real EEG data from the new subject, captur-
ing more accurate inter-subject mappings.

8* = New2Source(|[[S{127)", 82,.]) (11
Lyos = MSE(S, 8%)

where || is concatenation. This approach efficiently uses
limited EEG data from new subjects, enabling pre-trained

models to adapt without large-dataset retraining. The map-
ping strategy alleviates data scarcity and enhances cross-
subject EEG model performance.

3.4. Video Reconstruction Process

In addition to fundamental semantic modeling, another ma-
jor hurdle in EEG-to-Video generation lies in maintaining
temporal coherence in visual semantics and ensuring spa-
tial plausibility. To address this, we aim to leverage the
SparseCtrl [8] to generate high-quality videos guided by
EEG-based embeddings. [8] generate continuous video se-
quences from noise, guided only by keyframes. Therefore,
we first construct keyframe from EEG embedings. Speci-
cally, we use the HRT encoder to obtain the latent represen-
tation of the first frame Lg, which is decoded by the VAE
to generate a blurry first frame BF' = VAE(Lg). The mo-
tivation for this is to establish a stable visual foundation:
the blurry frame B F provides a crucial structural prior, pre-
serving the global composition and spatial layout inferred
directly from the EEG signals. This coarse initial frame
serves as a structural anchor, ensuring that the overall scene
geometry remains consistent with the neural activity. Sub-
sequently, the EEG-Text embeddings E and BF' are fed
into an image-to-image (/2I) model to produce a refined,
high-quality keyframe KF = I2I(FE,VAE(Ly)). This step
leverages the semantic richness of E to add precise details
and clear textures onto the structural foundation provided
by BF, effectively transforming a layout into a sharp and
semantically consistent image.

However, the gap between the E2V (EEG-to-Video) and
T2V (Text-to-Video) tasks prevents us from directly using
random noise as the input for [8]. To address this, we em-
ploy L as a substitute for random noise to serve as the [8]
input. Here, L can provide information such as layout and
color. Additionally, we further utilize E as a guiding fac-
tor for semantic information to drive the generation process
of the SparseCtrl. Finally, the refined keyframe K F', along
with the full EEG latent sequence L and the embeddings E,
are input into a T2V model from [8] to reconstruct the final
video by Video = T2V(E, L, K'F).

3.5. Loss and Training Summary

First, we train HRT Encoder so that it can represent in-
variant EEG semantics across subjects and align them with
textual/visual modalities. Loss in this training stage is
L1 = Lok + )\Esubject- where L = MSE(E, HRT((C;)) +
MSE(L,HRT(E)) is designed to align EEG semantics with
text/visual semantics. The E and L are obtained by encod-
ing the text description and video frames using BLIP [15]
and VAE [10], respectively.

Secondly, we train the New2Source Mapper to facilitate
interactive semantic representation between new subjects
and known ones, thereby acquiring generalization capabili-
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ties for new subjects. In this training stage: Source2New
is trained using Lsyn, then we use Lnps to train the
New2Source.

4. Experiments

Experimental details. Datasets: Our experiment was
conducted on the SEED-DV [17] dataset, which includes
EEG signals from 20 subjects watching video clips across
40 visual concept categories. Corss-subject: In our ex-
perimental setup, the first 15 subjects were known source
subjects, and the last 5 subjects were new subjects. Setup:
In addition to the full dataset with 40 concepts, we also
selected {Cat, Shark, Flower, Dancing, Face, Buildings,
Road, Pizza, Guitar, Airplane} to form a 10-class subset,
and the first {/-20} classes and the first {/-30} classes.
New Subject: We set p to 15 When training New2Source.

Video-based Frame-based

Metrics

Cls  Sub. Semantic-level Semantic-level Pixel-level
Method 2-way 40-way 2-way 40-way SSIM?T
DynaMind 0.847+£0.01 | 0.394£0.03 0.833+£0.02 0.308+£0.01  0.309+0.02
SS EEG2Video 0.852+0.02  0.340+£0.01  0.798+£0.03  0.232+0.02  0.30040.03
10 Ours 0.870+£0.02  0.380+0.03  0.887£0.03  0.390+£0.02  0.312+0.02
cs Ours (Best) 0.899:£0.01  0.312£0.01  0.888+0.02  0.388+0.02  0.30740.03
Ours (Average) 0.864 0.250 0.855 0.321 0.324
DynaMind 0.835+0.01 = 0.345£0.01  0.818+£0.02 0.277+£0.02  0.290+0.02
SS EEG2Video 0.813+0.02  0.273+£0.03  0.785+£0.04  0.184+0.02  0.242+0.03
20 Ours 0.887+0.03  0.340+0.03  0.856+0.02  0.31140.03  0.295+0.03
cs Ours (Best) 0.886+0.02  0.326+0.03  0.842+0.04 0.317£0.02  0.269+0.02
Ours (Average) 0.844 0.223 0.804 0.236 0.268
DynaMind 0.833+0.02  0.309+0.01  0.805+0.02  0.254%0.01 = 0.293+0.01
SS EEG2Video 0.794£0.02  0.209£0.05 0.785+0.04  0.180+£0.02  0.228+0.04
30 Ours 0.878+0.03  0.320+0.02 0.841£0.02  0.30740.02  0.284+0.02
cs Ours (Best) 0.874+£0.02  0.312+£0.03  0.855+£0.01  0.334+£0.02  0.275+0.04
Ours (Average) 0.842 0.229 0.805 0.247 0.278
DynaMind 0.82840.02  0.284+0.02 0.807£0.03 0.241+0.01  0.280+0.01
SS EEG2Video 0.798+0.03  0.159+0.01 0.774+£0.02  0.138+0.01  0.256+0.03
40 Ours 0.870+0.01  0.300+0.01  0.833+0.02  0.30340.02  0.290+0.02
cs Ours (Best) 0.860+0.01  0.29140.02  0.834:£0.02  0.301+0.01  0.279+0.02
Ours (Average) 0.841 0.228 0.810 0.262 0.280
Table 1. Reconstruction results are evaluated based on se-

mantic/pixel metrics for different subsets of categories. Dyna-
Mind [16] and EEG2Video [17] use Single-Subject (SS) evalua-
tion, while our method uses both Single-Subject (SS) and Cross-
Subject (CS) evaluation. We perform cross-subject evaluation on
the SEED-DV [17] using 15 subjects.

4.1. Comparison with State-of-the-art Methods

As shown in Table. 1, we compared our method with
the SOTA method on the full dataset (40 classes) and
subsets (10, 20 and 30 classes), we distinguished C'S
(Cross-Subject) and SS (Single-Subject). We evaluated
the semantic-level at the video-based and frame-based us-
ing 2-way and 40-way, and pixel-level SSIM. The results
demonstrate that our method outperforms existing meth-
ods on single-subject and also performs excellently on
cross-subject. SS: In the 40-class single-subject setting,
our video-based semantic accuracy reached 0.300, and our
frame-based semantic accuracy reached 0.303, significantly

Figure 5. Comparison of frames between GT and synthesis. The
first row of each unit is the real frames, and the second row is the
reconstructed frames. The red text is the text description generated
by BLIP [15].

outperforming the baseline performance 0.284 and 0.241.
we also achieved a leading 0.290 in the SSIM metric. CS:
In the challenging 40-class cross-subject setting, our video-
based semantic accuracy reached 0.291, and our frame-
based semantic accuracy reached 0.301. we also achieved a
leading 0.279 in the SSIM metric.

4.2. Reconstruct Video on New Subject

Video-based Frame-based

Metrics
Semantic-level Semantic-level Pixel-level

#Cls Method 2-way 40-way 2-way 40-way SSIMt
10 Best 0.833+£0.01  0.143+0.03  0.820+0.02  0.2254+0.04  0.300£0.03

Average 0.838 0.175 0.776 0.178 0.296
20 Best 0.839+0.04  0.163+0.05  0.7304+0.05  0.123+0.04  0.266-£0.04

Average 0.808 0.141 0.721 0.118 0.258
30 Best 0.829+0.03  0.167+0.04  0.740+0.02  0.126+0.03  0.271£0.01
N Average 0.815 0.147 0.729 0.127 0.266
40 Best 0.826+0.04  0.162+0.04  0.7454+0.03  0.13640.02  0.257-+0.03

Average 0.812 0.142 0.735 0.137 0.254

Table 2. Video reconstruction results on new, unseen subjects.
New subjects were defined as the last 5 subjects of SEED-DV [17].

Table. 2 shows the results of reconstructed video after
processing new subjects using New2Source Mapper. We
selected last 5 new subjects of SEED-DV [17] for the ex-
periment. Under the most challenging 40-class setting, our
method achieved a semantic accuracy of 0.142 on video-
based and 0.137 on frame-based semantic accuracy, with
SSIM also reaching 0.254. This is attributed to the fact that
our New2Source can align the EEG distribution of new sub-
jects with the EEG distribution of known subjects.
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Figure 6. Reconstruction results under different input conditions
during the generation process.

4.3. Ablation Study

Video-based Frame-based

Method 2-way 40-way 2-way 40-way SSIM?T

Ours 0.860+0.01  0.291+£0.02 0.834+0.02 0.301+0.01 0.279+0.02
HRT Encoder

A. w/o HRT 0.796+0.03  0.1794+0.02  0.780+0.03  0.140+0.02  0.22240.03

0.849+0.02  0.279+0.03 0.8224+0.01  0.290+0.03  0.269-+0.03
0.8504+0.02  0.28040.02 0.810+0.02 0.295+0.03  0.260+0.03
0.8544+0.02  0.27740.03  0.819+0.03 0.286+0.04 0.266+0.03
0.82440.05 0.2694+0.03  0.802+0.05 0.255+0.02 0.243+0.03
0.820+0.03  0.261+£0.03  0.799+0.03  0.261+0.04 0.245+0.04

B. w/o Frontal
C. w/o Parietal
D. w/o Central
E. w/o Temporal
F. w/o Occipital

Conditions of Reconstruction
G. w/o Latent 0.845+0.02  0.273+£0.01 0.810+0.03  0.282+0.02  0.189+0.05

H. w/o Embedding  0.77440.05 0.0904+0.04 0.752+0.04 0.092+0.03  0.239£0.03
I. w/o KeyFrame 0.839+0.01  0.262+0.02  0.807+£0.02 0.276+0.03  0.231£0.02

Table 3. Ablation of HRT Encoder and Conditional Input.

HRT Encoder. To verify HRT’s design, we conducted
the experiments shown in A to F of Table. 3. Experimen-
tal results show that, consistent with biological experience,
the occipital region, which controls vision, has the greatest
impact on video reconstruction, followed by the temporal
region, which controls language.

Conditions of Reconstruction. To verify reconstruc-
tion framework, we conducted the experiments shown in G
to I of Table. 3. We removed visual latents, semantic em-
beddings, and keyframe, respectively. Among them, row H
was most affected, as the reconstruction framework com-
pletely lost semantic guidance, leading to a sharp drop in
the 40-class classification results. In row G, we removed all
latent from the reconstruction framework, which resulted
in a significant drop in SSIM due to the absence of visual
color and structure guidance. Finally, the absence of seman-
tically and structurally rich KeyFrame resulted in a decline
in both classification and visual similarity metrics, Fig. 7
shows more cases of KeyFrame. Fig. 6 clearly shows the
impact of removing each condition on the final reconstruc-
tion result.

C-SA. To verify C-SA, we conducted the experiments
shown in A to C of Table. 4. As can be seen, removing
C-SA in row A has the greatest impact on reconstruction

Figure 7. More cases of keyframe.

performance, with all metrics dropping sharply. In row B,
we used a fixed subject, rather than the center subject of
all subjects, as the starting point for progressive adversar-
ial learning. In row C, instead of a progressive adversarial
learning process from easy to difficult, we directly added all
the subjects’ data to the training process.

New2Source Mapper. To verify New2Source Mapper,
we conducted the experiments shown in D of Table. 4. Be-
cause the new subject lacked effective alignment with mul-
tiple known subjects, the various metrics of video recon-
struction dropped sharply.

Video-based Frame-based
Method 2-way 40-way 2-way 40-way SSIM?T
Ours 0.841 0.228 0.810 0.262 0.280
A. wlo C-SA 0.799 0.186 0.784 0.212 0.256
B. w/o Center 0.826 0.211 0.799 0.232 0.261
C. w/o Progressive 0.820 0.206 0.787 0.240 0.250
Ours 0.826+0.04  0.162+0.04 0.745+0.03  0.136+0.02  0.257-+0.03

D. w/o New2Source  0.770+0.05  0.118+0.04  0.729+0.04  0.1284+0.05  0.199+0.05

Table 4. Ablation of Centered-progressive Subject Adversarial(C-
SA) and New2Source Mapper.

5. Conclusion

In this paper, we proposed a Subject Adversarial and Map-
ping Network (SAM-Net), for the cross-subject EEG-to-
Video task. SAM-Net integrates multi-scale spatiotemporal
features via a Hybrid Region-Temporal (HRT) Encoder, re-
duces inter-subject disparities using a Centered-progressive
Subject Adversarial (C-SA) mechanism, and aligns new
subjects’ EEG distributions with known subjects through
a New2Source Mapper. A keyframe-guided generation
paradigm is employed to produce coherent videos. Experi-
ments demonstrate the model’s performance in both cross-
subject and new-subject EEG-to-video generation tasks.
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