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Abstract. Recent advances in neural decoding have enabled the di-
rect reconstruction of visual stimuli from non-invasive brain signals.
However, reconstructing continuous video streams remains highly chal-
lenging due to the continuous spatial and semantic transformations in-
herent in dynamic scenes. Most methods rely on a "reconstruct-then-
describe" paradigm, where captions are generated from reconstructed
video keyframes, which are highly prone to semantic drift. To overcome
these challenges, we propose a novel decoding framework, CortexVideo,
to reconstruct video from functional magnetic resonance imaging (fMRI).
Inspired by the visual dual-stream hypothesis, CortexVideo introduces
dual-guidance decoding strategy. Specifically, we leverage subject-adaptive
semantic information to guide video reconstruction, while concurrently
integrating keyframe perceptual weights. Experiments demonstrate that
CortexVideo provides a cognitive enhancement to existing hierarchical
models along two critical dimensions: video semantic understanding and
spatial localization. The reconstructed videos show greater fidelity to the
visual stimuli in both semantic and spatial aspects, achieving state-of-
the-art results.

Keywords: Neural Decoding - Cognitive Enhancement - Fine-grained
Spatial Grounding - Dual-Anchor Reconstruction

1 Introduction

Decoding external stimuli or internal cognitive states [13,[31,42] from neural
activity has long been a central objective in neuroscience research [38}/41]. In
recent years, the rapid advancement of multimodal and generative models in ar-
tificial intelligence, together with their deep integration with neuroscience, has
driven remarkable progress in reconstructing high-fidelity visual stimuli from
high-dimensional neural signals obtained through functional magnetic resonance
imaging (fMRI) |7,/44Ll48]. Nevertheless, researchers in this field continue to con-
front considerable challenges, as our understanding of how the brain simultane-
ously encodes semantic and spatial information remains limited.



2 X.Shen et al.

—— el

Ay [ EXX ]
@ ¢

* @mm) | (20 airplane is positioned ~
c.® slightly to the right of .

center in the frame.)  visual
nses features
information

Al Low-Level Position Information
=

o P mislead
g {TE el R
g N » P owmme 1Y Vid
E ideo
f BLIP-2 Caption i i
= » Brain Model » Drift Caption Inference
3 00000000000000000000[>
3 | o
g
Blurry Keyframe
pp— focus enhanced .
o . ) 2 Ventral Stream > ¥ a turtle swimming in the ocean , >
3 Video
% Inference
=
3 maroes ) Dorsal Stream > »
grounding enhanced
_ Subject Reconstructed
6Grounding Blurry Keyframe

Fig. 1: Conceptual illustration of the dual-stream processing. (a)The Dorsal Stream
encodes low-level spatial "where" information (e.g., object positioning), while the Ven-
tral Stream captures high-level semantic "what" cues (e.g., identity and context).
(b)Compared to previous methods that often suffer from drift captions, our Cor-
texVideo leverages this dual-anchoring to achieve superior spatial localization and se-
mantic fidelity in fMRI-to-video reconstruction.

Early studies on fMRI-to-video reconstruction employed machine
learning and deep learning techniques to map fMRI signals directly onto pixel
space. However, these approaches often produced videos with ambiguous seman-
tics and pronounced visual artifacts. With the advent of pre-trained diffusion
models, recent works have proposed more sophisticated meth-
ods that enhance the semantic clarity and spatial fidelity of reconstructed videos.
Nonetheless, state-of-the-art frameworks such as NEURONS and Neuro-
Clips rely on pre-trained vision-language models (e.g., BLIP-2 [32]) to ex-
tract high-level semantic information from blurred keyframes. This “reconstruct-
then-describe” paradigm can cause error accumulation, leading to semantic drift
and degrading reconstruction fidelity. Furthermore, existing models still struggle
to capture low-level spatial details, particularly in accurately reconstructing the
number of subjects and their spatial relationships in dynamic visual scenes. To
overcome these challenges, effective biologically inspired guidance is essential for
improving the fidelity of video reconstruction.

In cognitive neuroscience, the visual dual-stream hypothesis is a foundational
theory . It posits that when the brain is exposed to visual stimuli, it
encodes not only “what” information (e.g., semantics) but also “where” informa-

tion, including object positions [11}[17]34,39[49/[50]. For high-level semantics, the
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ventral stream supports interpretive processing of visual content. Guided by se-
lective attention, the brain does not encode all pixel-level information uniformly
in complex scenes; rather, it prioritizes salient information that is task-relevant
or personally meaningful [12]. For low-level perception, the dorsal stream en-
codes “where” information and encompasses regions including OPA, PPA, and
SPL [14,27,28], which support the processing of spatial relationships, environ-
mental layout, and motion. Earlier studies often assumed a strict semantic cor-
respondence between stimulus images and the evoked brain activity, but this
overlooks discrepancies between subjective neural representations and objective
supervisory signals, leading to semantic misalignment |5,8] and spatial mismatch.

Building on the visual dual-stream hypothesis, we present CortexVideo, a
framework that reconstructs high-fidelity videos from fMRI via a Semantic—Spatial
Dual-Anchor paradigm. As showed in Fig. [I] our decoder integrates ventral-
stream semantics with dorsal-stream spatial representations. This synergy im-
proves both semantic fidelity and spatial accuracy in the reconstructions. We
design an encoder to map fMRI signals to latent representations. Through cross-
modal alignment, we embed high-level semantics and decode intermediate rep-
resentations(e.g., keyframes) to guide subsequent video generation. In contrast
to conventional methods, the core innovations of CortexVideo are threefold:

— Adaptive Semantic Anchoring: We design an adaptive semantic decoder
that precisely captures subjects’ attentional focus. Replacing caption gener-
ation from keyframes, it provides more reliable semantic guidance for subse-
quent video reconstruction and effectively mitigates semantic drift.

— Spatial Perception Enhancement: To improve spatial localization, we
construct a feature-similarity heatmap by masking the primary subject with
Grounded SAM [47] and computing similarity using DINO-v3 [53] features. A
Spatial Perception Loss leverages this supervision to train the fMRI encoder
to learn latent positional relationships, thereby improving spatial accuracy
in the final video synthesis.

— Dual-Anchor Guided Generation: The final video reconstruction is jointly
guided by three signals: trusted semantic cues, spatially informed recon-
structed frames, and a spatially aware video stream, collectively enabling
a more faithful restoration of the dynamic visual stimuli perceived by the
brain.

2 Related Works

2.1 Visual Stimuli Reconstruction

In the study of decoding visual stimuli from fMRI, the reconstruction of static im-
ages and dynamic videos presents distinct challenges and trajectories of progress.

Static Image Reconstruction. After initial explorations [2}/15)/25], the re-
search community in this area quickly converged on a successful paradigm [3}}4}
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9./16,(181/511/52]. This paradigm aims to address the information sparsity of fMRI
signals. Its core strategy is to leverage the rich semantic and spatial represen-
tations of CLIP to align fMRI signals with common image/text modalities [6].
Subsequently, it utilizes the powerful generative capabilities of diffusion models
to synthesize images that perform well at both the pixel and semantic levels.

Dynamic Video Reconstruction. More recently, new progress has been
made with the application of multimodal (CLIP [44]) and advanced generative
models. For instance, MinD-Video [10] first achieved video reconstruction with
clear semantic content, but it lacked consideration for low-level visual details.
NeuroClips [20] improved upon this by introducing dual semantic and perceptual
reconstructors; however, its reliance on keyframe-derived captions for guidance
can introduce semantic drift. NEURONS [59] further enhanced reconstruction
quality and interpretability by decoupling the decoding process into four ex-
plicit hierarchical sub-tasks. Nevertheless, it still faces challenges in accurately
reconstructing dynamic visual stimuli. Despite enhanced spatial localization, the
method struggles to accurately reconstruct dynamic visual stimuli, particularly
in scenes with complex object relationships.

2.2 Diffusion-based Generative Models

Diffusion Models. Diffusion models have recently become a research focus
within the generative Al community. This wave began with DDPM |[24], which
demonstrated high-quality image synthesis capabilities comparable to GANs. In
the static image generation domain, to enhance semantic controllability, DALL-E
2 [|46] innovatively leveraged the joint representation space of CLIP. To ad-
dress generation efficiency, Stable Diffusion [48] proposed executing the diffusion
process within the latent space of a VQVAE [56]. Furthermore, to enable cus-
tomized generation from pre-trained models, works such as ControlNet [62] and
T2I-Adapter [37] have explored methods for adding external conditional control
networks.

Extending this success to the more challenging domain of dynamic video syn-
thesis, the mainstream technical route involves equipping existing image diffusion
models with additional temporal modeling capabilities. For instance, AnimateD-
iff [22] introduced an innovative “plug-and-play" motion module that seamlessly
transforms static image models into video generators. Similarly, Blattmann et
al. |1] proposed a temporal autoencoder fine-tuning paradigm to generate high-
resolution videos.

3 Methodology

The overall framework of CortexVideo framework is illustrated in Fig. 2] which
is designed to reconstruct high-fidelity video from fMRI signals via a Semantic-
Spatial Dual-Anchor paradigm inspired by the visual dual-stream hypothesis.
Our model incorporates a hierarchical decoding structure, referencing classical



CortexVideo 5

video reconstruction models, but is cognitively enhanced through two core mod-
ules: the Attentive Semantic Decoder(Sec. and the incorporation of image
feature similarity for fine-grained spatial perception modeling(Sec. , which
provide more robust semantic guidance and accurate subject position reconstruc-
tion for subsequent video generation(Sec. [3.5)).

3.1 Framework Overview

The overall model takes the fMRI time-series data X € RT*V (where T is
the number of time points and V is the number of voxels) as its sole input
and outputs the reconstructed video clip (g.).For training purposes, the video
stimulus is segmented into clips at the fMRI temporal resolution (two seconds).
Each ground truth video clip y. consists of ' = 6 frames, denoted as y. €
REXFXCXHXW “wwith the corresponding fMRI signal clip being x..

The fMRI signal X is simultaneously processed by two dedicated encoder
streams:

Main Backbone Encoder Ej: Used for training all video and image recon-
struction, spatial perceptio, and auxiliary tasks. It is responsible for capturing
spatial and motion details.

Semantic Encoder EJ’?SD : Dedicated solely to the Attentive Semantic De-
coding(ASD) task, responsible for extracting the purest subjective semantic rep-
resentation y.

Let X € RT*V be the fMRI signal. The main backbone encoder E outputs
Fgi0pa1; the semantic encoder E}“SD outputs y.

3.2 Ventral Stream Enhancement

To mitigate the semantic drift problem caused by the conventional “reconstruct-
then-describe" paradigm, We adopt the latest brain-to-text approach, Mind-
SA |5], as our ASD for improved semantic guidance. The ASD captures the
subject’s subjective focus of attention and provides reliable semantic support
for subsequent video reconstruction, adhering to the function of the Ventral
Stream (the “What" stream) in object recognition and semantic understanding.
Semantic Encoder. The ASD utilizes a specially trained fMRI Vision
Transformer (ViT) encoder E}“S D to extract the semantic representation. This
encoder, based on the ViT structure, is tailored for processing fMRI signals:

y=Ef*P(X), yeRP (1)

where X is the fMRI signal input to this encoder. EJ‘?SD processes the high-
dimensional fMRI data into a sequence of embedded vectors, which are finally
projected to the dense semantic representation y via a linear layer or MLP.

Self-adaptive Semantic Consensus. The core objective of this stage is
to determine which regions of the visual stimulus image I are preferentially
attended to by the subject’s brain, given the fMRI representation y. We hypoth-
esize that the pure fMRI semantic representation y should primarily align with
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Fig. 2: The overall framework of CortexVideo integrates the Ventral Stream(Sec.
and Dorsal Stream(Sec. for high-fidelity video reconstruction(Sec. . i)The Ven-
tral Stream captures semantic priors from fMRI representations, dynamically forming
visual focal points, and uses the captured fine-grained semantic cues to guide video
caption generation. ii)The Dorsal Stream incorporates spatial reconstruction losses to
enhance the model’s ability to localize subjects, thereby improving the spatial fidelity
of the output. iii)During the synthesis stage, the Ventral Stream offers semantic cues,
and the Dorsal Stream provides motion features of the subjects. Together, they collab-
orate to faithfully reconstruct dynamic stimuli, ensuring high fidelity to the subject’s
brain activity.

the semantic features of these focal regions, thereby eliminating the semantic
misalignment between the objective stimulus and subjective cognition.

We first divide the image I into N visual patches and extract their patch
features {xz}{vzl using a CLIP visual encoder. These features are subsequently
projected into the fMRI representation space via a shallow Multi-Layer Per-
ceptron furrp, denoted as {farrp(x;) L, .Next, we use the Gumbel-Softmax
trick to enable differentiable and sparse attention selection. We compute a
similarity score vector p between the fMRI representation y and all projected
patch features:

__exp(furp(@i) -y + ) 2
pi Zjvzl exp(furpe(z;) -y + ;) (2)
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where {7;}¥, are i.i.d. noise terms sampled from a Gumbel(0, 1) distribution.
We obtain an approximate one-hot assignment vector p* through the Top-K
operation and Straight-Through gradient estimation [56|, selecting K patch fea-
tures {#,;}X, that represent the brain’s attentional focus.

The training objective for E}“SD at this stage is to minimize two losses to
ensure the semantic focus of y:

Adaptive Alignment Loss: Compels the fMRI representation y to approx-
imate the mean of these K selected patch features:

N
1 *
Ladaptive = ||y — K Zpi < fare(@)l[3 (3)
i=1

Pre-alignment Loss: Ensures that y maintains basic cross-modal alignment
with the global semantic feature xjcs) of the image:

Eprealign = ||E?SD (Xse’m) — Z[CLS] | ‘% (4)

Text Reconstruction. The second component of the ASD is an autore-
gressive language decoder Dgep, (e.g., GPT-2 [45]). This decoder integrates the
purified fMRI representation y via a trainable multi-head cross-attention layer
Feo 4 and generates the text sequence Tgjrect- Its loss function L., is the stan-
dard Negative Log-Likelihood (NLL) Loss:

M
Loem = —Ex7p Y log P(tilt<i, Foa(y)) (5)

i=1

where t; is the i-th token in the sequence, and M is length of the text sequence.
The Tgireet generated by this module is faithful to the subject’s subjective focus
and will be injected as the core Text Prompt during the final video synthesis
stage, effectively intervening to mitigate the semantic drift caused by relying
solely on keyframes.

3.3 Dorsal Stream Enhancement

Conventional fMRI-to-video reconstruction methods typically rely on the direct
fitting of 0/1 binary segmentation masks for spatial localization tasks, which
limits the model’s understanding of fine spatial relationships and often leads to
unstable optimization. To overcome this limitation and adhere to the function
of the Dorsal Stream (the “Where" stream) in spatial localization, we intro-
duce a novel Spatial Perception Loss (Lspq:). This loss is designed to provide
fine-grained spatial distribution details during the training of the CortexVideo
Main Backbone Encoder (Ey), significantly enhancing the model’s capacity for
positional understanding.

Soft Heatmap Generation. The core of L, is the use of a continu-
ous, semantic-spatial fused “soft heatmap" as the supervision signal. We first
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construct a Subject Dictionary by processing all keyframes in the training set
offline, which is used to generate this ground truth Hgr.

For each frame image I in the video sequence, we first perform Key Subject
Identification by following the rule-based key object discovery mechanism of
NEURONS [59]. Specifically, primary objects detected by Qwen are mapped to a
compact WordNet-based concept dictionary, and the dominant subject names in
each frame are selected as textual prompts for grounding(details are illustrated in
Appendix). Second, for Mask Generation, we process each frame using Grounded
SAM [47], taking the identified key subject names as textual prompts. This yields
the corresponding binary mask M € {0,1}F, where P is the number of image
patches covered by the key objects. Third, for Feature Extraction and Subject
Feature Calculation, we utilize DINO-V3 [53] to extract all image patch features
Dpatches € RFP*Pv We then compute a weighted average of the features selected
by the mask M to derive an average feature vector Fyypjcc: that represents the
image’s core subject:

P (4)
Zj:l Mj ’ Qspjatches (6)

P
Zj:l Mj

Finally, our supervision signal Hgr is defined as the Cosine Similarity (Feature

Fsubject =

Similarity) between Fyypjec: and all image patch features @gz)tches. This similar-
ity is spatially reorganized to form a smooth, continuous semantic-spatial soft

heatmap Hgr:

Fsubject . @(k)

k) . (k) _ patches
Hyp = s1m(Fsubject,¢patches) = IF I ||¢,(k) ) I
subject|| * patches

The magnitude of Hgr values not only encodes spatial location but also
reflects the semantic proximity of that location to the core subject.

Spatial Perception Loss and Regularization. L,,,; serves as a spa-
tial regularization loss applied to the features output by the CortexVideo main
backbone encoder Ey. We train a lightweight decoder head Dgpq; to predict the
heatmap Hpreq. The objective of Ly is to fit the model’s prediction Hpreq to
Hgr using the Mean Squared Error (MSE) loss function:

Lopat = Ex 1]|0(Hprea) — Herll3 (7)

where o(+) is the Sigmoid activation function used to normalize the predicted
values to the range [0, 1].

By minimizing Lgp., we compel the main backbone encoder E; to learn
precise, continuous spatial representations concurrently with visual and motion
information. This stable regression objective significantly enhances the brain
model’s understanding of spatial relationships, thereby indirectly improving the
quality and accuracy of the Key object mask generated by the key object
segmentation module D,;.



CortexVideo 9

3.4 Training for Dual-Anchor Prior Generation

Our training procedure is decoupled into two independent stages, targeting the
two dedicated encoders: the Semantic Encoder (E}“S P) and the Main Backbone
Encoder (Ef).

Training the Semantic Encoder. The Semantic Encoder E?SD and its
associated decoders (fayrpp and Dgep,) are trained to generate the high-fidelity
Semantic Anchor Tgirect, reflecting the Ventral Stream’s function. The training
objective for this module is solely defined by the combined loss functions intro-
duced in Sec. 3.2}

ACASD = wadaptﬁadaptive + wprealignﬂprealign + wsemcsem (8>

where L,daptive €nforces alignment with the subject’s attentional focus, Lyrealign
ensures basic cross-modal alignment, and Lgep, is the standard NLL loss for text
generation.

Training the Main Backbone Encoder. The Main Backbone Encoder Ef
is trained using a two-stage process to generate the full suite of visual, motion,
and the Spatial Anchor priors.

Pre-alignment. We use the pre-trained MindEyeV2 [52] architecture as the
foundation for our Main Backbone Encoder(details are illustrated in Appendix)
E and use the same Motion Projector P,;q(-) as in NEURONS [59] to map image
embeddings e; € RBEXN*C into a spatio-temporal embedding e, € REXFXNxC,
This stage focuses on establishing a robust foundation for cross-modal and spatial
understanding. The model is initially trained using a combination of contrastive
losses(Lorrpv, Loprpt)(details are illustrated in Appendix) and the spatial reg-
ularization loss (detailed in Sec. . The Lgpqt is applied continuously from this
stage onward to enforce the learning of fine-grained positional understanding.

Enhanced Task Joint Training. In this stage, the backbone encoder Ef
continues training jointly with all its auxiliary decoders. Crucially, the Spatial
Perception Loss (Lspat), detailed in Sec. is continuously applied in this stage
to enforce fine-grained spatial regularization, helping the model learn spatial per-
ception more finely. The overall training objective Lot for the Main Backbone
Encoder E; is the weighted sum of all task losses applied in this stage. The total
loss Liotal includes the continuous alignment and spatial losses, along with the
auxiliary task losses:

Liotal = (werpvLenipy + weniptLoLipt)

+ wspatﬁspat + wpriorﬁprior + Eaux

(9)

where the auxiliary loss L,,x is defined as:
Eaux - wsegﬁseg + wcatﬁcat + wmotﬁmot + wtxtﬁtxt (10)

The specific formulations for the Contrastive Losses (Lcrrpy, Lorrpt) and all
the Conventional Auxiliary Losses (Lpriors Lsegs Lecats Lmot, Lixt) are consistent
with prior fMRI-to-video reconstruction works [59]. All detailed loss formulations
are provided in Appendix.
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3.5 Video Inference

Following NeuroClips [20], we perform inference with a pretrained T2V diffu-
sion model [22], guided by a control image, a blurred video stream, and textual
descriptions. As shown in Fig. [2| the keyframe is decoded via unCLIP [46] and
the high-level semantic guidance comes from the ventral stream. We decode the
blurred video in the same manner as NEURONS [59], and to emphasize key
objects, we rescale the predicted subject masks output by the dorsal-stream to
[0.5, 1] and multiply them with both the control image and the blurred video to
ensure their prominence.

4 Experiments

4.1 Dataset

We validate the fIMRI-to-video reconstruction on the open-source cc2017 dataset [60].
This dataset contains MRI (T1 and T2-weighted) and fMRI data acquired us-
ing a 3-T MRI device, with a temporal resolution of 2 seconds.The dataset is
divided into training and testing partitions, consisting of 18 x 8 minute and 5 x 8
minute video segments, respectively.For each subject, fMRI responses were ac-
quired with a repetition presentation of 2 trials for the training segments and 10
trials for the testing segments. The results for the testing portion were obtained

by trial-averaging. This yields a final paired fMRI-video sample size of 8,640 for
training and 1,200 for testing.

4.2 Evaluation Metrics

The quantitative analysis of this study focuses on video-level metrics, covering
two categories: Semantic and Spatio-Temporal measures. Semantic metrics are
implemented by testing classification across the 400 classes of the Kinetics-400
dataset [29], utilizing a [54]-based video classifier. Spatio-temporal consistency
metrics rely on the average cosine similarity of adjacent frame pairs, formed by
extracting CLIP image embeddings from every frame of the predicted video.
This metric is also known as CLIP-pcc and is widely adopted in video editing
tasks [61].

Guidance Signal Quality Metrics are used to validate the superiority of our
dual-stream design: The quality of the ASD-decoded Tgirect is evaluated against
GT text using standard NLP metrics, including BLEU-1 to 4 [43], ROUGE |33],
and CIDEr [57]. The performance of the E-driven Key Object Mask prediction
is quantified using standard segmentation metrics such as IoU and Dice. These
metrics are computed by evaluating the mask frames with the highest scores for
the key subject in each video segment, comparing them with the corresponding
GT masks. High IoU and Dice scores confirm that the model generates precise
spatial constraints, directly supporting the enhanced subject localization used
in the final synthesis stage.
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4.3 Comparison with State-of-the-Art

In this section, we compare CortexVideo with previous methods such as NEU-
RONS , NeuroClips , and MindAnimator , focusing on high-level se-
mantics and spatial perception.

Qualitative Analysis. First, we present qualitative results to demonstrate
the superiority of CortexVideo in video generation. As shown in Fig. [3] qualita-
tive analysis reveals that CortexVideo, through the design of reliable semantic
guidance, can correct semantic errors when key frame content is incorrect. Ad-
ditionally, by simulating the brain’s spatial perception, it tends to restore the
subject’s position during decoding. The combination of these two factors en-
ables a more accurate reconstruction of dynamic visual stimuli as perceived by
the brain. In contrast, other methods struggle to simultaneously restore both
semantic and spatial perception, highlighting that the use of dual streams in
decoding significantly enhances reconstruction quality.

Fig. [3] illustrates reconstruction results and several subject mask predic-
tions. While previous models often suffer from semantic drift when keyframes
are blurred, CortexVideo achieves faithful restoration. As shown in Fig. 8] Our
method precisely captures the quantity and positional relationships of the two
closely spaced dogs, and accurately predicts both the semantics and trajectory
of the turtle. Furthermore, our model effectively restores the structural topology
of street scenes and landscape. Notably, the subject mask predictions generated
by CortexVideo are more precise; they are neither too small (as observed in the
diver example) nor overly divergent (as seen in the truck example). Instead, they
capture the subject’s extent as maximally as possible, providing a robust spatial
foundation for the subsequent video generation process. More visualizations can
be found in Appendix.

NEURONS M

Fig. 3: Qualitative comparison between CortexVideo and previous SOTA method,
NEURONS . The upper rows show video reconstruction samples. The lower rows
compare reconstructed subject masks. See Appendix for additional results.
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Quantitative Results. Table [I] presents the semantic evaluation guiding
video generation and the subject mask evaluation impacting spatial effects. Ta-
ble 2] compares CortexVideo with state-of-the-art methods based on video-level
metrics.

Table 1: Quantitative comparison on Caption Similarity Metrics and Grounding Met-
rics using the cc2017 dataset. The best and second-best performance are indicated by
bold font and underline text, respectively. Results are reported for NeuroClips and
NEURONS, with CortexVideo. The results for NeuroClips, and NEURONS are aver-
aged across all three subjects.

Caption Similarity Metrics Grounding Metrics
B@l B@2 B@3 B@4 ROUGE CIDEr IoU Dice

NeuroClips [20] ¢c2017 dataset [60] 0.195 0.093 0.053 0.032 0.233 0.142 - -
NEURONS [59] cc2017 dataset [60] 0.220 0.092 0.044 0.025 0.227 0174 0.353  0.474
CortexVideo ¢c2017 dataset [60| 0.247 0.111 0.057 0.033 0.236 0.240 0.362 0.485

subject 1~ ¢cc2017 dataset |[60] 0.243 0.111 0.059 0.036 0.231 0.244 0.370 0.493
subject 2 ¢cc2017 dataset [60] 0.247 0.109 0.053 0.030 0.238 0.229 0.360 0.481
subject 3 cc2017 dataset [60] 0.250 0.112 0.058 0.034 0.239 0.246 0.357 0.481

Method Dataset

CortexVideo outperforms pre-
vious methods in semantic cap-
tioning, achieving state-of-the-art
performance across all metrics.
For spatial mask metrics, Cor-
texVideo achieves an IoU of 0.362

Table 2: Quantitative comparison of video re-
construction performance between CortexVideo
and state-of-the-art methods. Baseline results
are cited from [10,/20,/35}/59].

i S tic-level ST-level
and a Dice score of 0.485, sur- Method cmantic-leve eve
passing NEURONS. These re- 2-way T 50-way T CLIP-pcc 1
sults demonstrate superior se- Wen [60] - 0.166-:0.02 -

antic derstandi and spa Wang [58] 0.773+0.03 - 0.402-40.41
mantic understanding and Spa- - wyperhmide [30] 0.771200s - 0.386.£0.47
tial localization, critical for high-  MinD-Video [I0] 0.839:0.05 0.197+0.02 0.408=0.10
quality fMRI-to-video reconstruc-  MindAnimator [35] 0.830+0.0s - 0.428+0.03

NeuroClips [20]  0.834+0.03 0.220+0.01 0.738+0.17
NEURONS [59]  0.863+0.0s 0.262+0.01 0.934=+0.17

CortexVideo 0.87410.02 0.27510.01 0.926+0.04

tion.
In video-level evaluation, Cor-
texVideo outperforms NEURONS,

NeuroClips and MindAnimator. subject 1 0.867+0.02 0.262+0.02 0.926+0.04
With a2 ’ ¢ 4 subject 2 0.879+0.02 0.282+0.02 0.9280.04
ith a 2-way accuracy of 0.874, it subject 3 0.875+0.02 0.280+0.02 0.923+0.04

surpasses NEURONS (0.863) and
MinD-Video (0.839). Additionally, CortexVideo leads in 50-way classification
with 0.275, outperforming NEURONS by 5.0%.For spatio-temporal consistency,
NEURONS scores 0.934 on CLIP-pcc, while CortexVideo follows closely with
0.926, indicating strong temporal consistency.

Due to our direct use of fMRI-derived semantics to mitigate the semantic
drift caused by relying solely on key frames, when the derived semantics conflict
with the key frame content, it may cause slight blurring that affects the CLIP-
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pce score. Despite this, we believe that a semantically correct but slightly blurred
video is preferable to a temporally coherent video relying on incorrect key frames.
This ensures the video remains faithful to the true fMRI data, even with minor
spatio-temporal trade-offs.

4.4 Analysis of the dual-guidance decoding strategy

To better understand the distinct roles and contributions of the ventral stream
and dorsal stream in CortexVideo, as well as their synergistic decoding when
used together, we performed ablation studies by decoupling these dual-streams
in the model. The qualitative results are shown in Fig. 4} and the quantitative
results are shown in Table [3] with all ablation results reported for Subject 2.

As shown in Fig. [4] we tested the impact of disabling the ventral stream
enhancement and dorsal stream enhancement on video generation. The results
indicate that when the ventral stream enhancement is disabled, the model can
still accurately recover the spatial positions of subjects. However, semantic infor-
mation becomes heavily reliant on keyframe captions, leading to semantic drift
(e.g., errors in keyframes exacerbate semantic inconsistencies, such as generating
“man and a bird are standing next to each other"). On the other hand, when the
dorsal stream enhancement is disabled, although the model retains correct se-
mantic guidance, spatial recovery is compromised, resulting in distortions (e.g.,
despite generating the beach and subjects, there is ambiguity in the position and
quantity of the objects).

By utilizing both the ventral stream and dorsal stream, CortexVideo effec-
tively combines semantic and spatial information, resolving these issues and
generating more accurate and consistent video results. As shown in the quali-
tative results, when using the full CortexVideo framework, the generated video
not only maintains semantic consistency but also accurately restores spatial po-
sitions, resulting in a more natural and precise video reconstruction.

4.5 Ablation Studies

In this section, we quantitatively evaluate the dual-stream structure of Cor-
texVideo through ablation studies, focusing on the contributions of semantic
guidance and spatial regularization. Specifically, we examine the impact of re-
moving these components on the model’s performance.
As shown in Table [3] we com-

pare the performance of Cor- Table 3: Individual contributions of each
texVideo with two variants: one stream. VSE and DSE denote Ventral and Dor-
without ventral stream enhance- sal Stream Enhancement, respectively.

ment and one without dorsal Method  VSE DSE 2-way 1 50-way 1 B@1 1 Dice 1
stream enhancement. The results ~NEURONS x X 0860 0252 0222 0472
indicate that removing semantic w/o VSE X v 0.868 0.266 0.222 0.481

w/o DSE v X 0870 0269 0.247 0.472

guidance leads to a slight re- o 4  <nqe0 v v 0879 0.282 0.247 0.481

duction in 2-way accuracy (from
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Fig. 4: Ablation study on CortexVideo, showing the individual contribution of the
ventral and dorsal stream. The blue solid boxes indicate the predicted subject masks.

0.879 to 0.868) and 50-way accuracy (from 0.282 to 0.266). Similarly, when spa-
tial regularization is removed, we observe a small drop in 2-way accuracy (from
0.879 to 0.870) and Dice score (from 0.481 to 0.472).

In contrast, when both components are included, CortexVideo achieves the
highest performance in all metrics, demonstrating that both semantic guidance
and spatial regularization contribute significantly to the model’s ability to gener-
ate high-quality reconstructions. Specifically, CortexVideo outperforms the ab-
lated versions in terms of 50-way accuracy, BQ1, and Dice score, further con-
firming the importance of these two components in improving video generation.

These findings validate the effectiveness of the dual-stream design, where
semantic guidance ensures accurate semantic content and spatial regularization
improves the consistency and precision of spatial localization.

5 Conclusion

We propose the CortexVideo framework, which achieves high-fidelity video re-
construction from fMRI signals through an innovative Semantic-Spatial Dual-
Anchoring strategy. This framework functionally simulates the human visual
system’s Dual-Streams. For the ventral stream, the Attentive Semantic Decoder
dynamically captures specific semantic patterns in brain activity to extract more
credible semantic descriptions. For the dorsal stream, the Spatial Regulation
significantly improves the quality of key object segmentation masks, indirectly
providing the generative model with more precise spatial constraints during the
final phase. CortexVideo significantly improves semantic guidance and key object
mask prediction, outperforming previous methods across all video-based seman-
tic evaluation metrics. By strengthening the semantic and spatial information
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flow during the fMRI decoding process, CortexVideo enhances reconstruction
performance and offers a novel design paradigm for building high-fidelity visual
decoding models.
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