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Abstract

Decoding visual stimuli from neural activity is essential
for understanding the human brain. While fMRI meth-
ods have successfully reconstructed static images, fMRI-to-
video reconstruction faces challenges due to the need for
capturing spatiotemporal dynamics like motion and scene
transitions. Recent approaches have improved semantic
and perceptual alignment but struggle to integrate coarse
fMRI data with detailed visual features. Inspired by the
hierarchical organization of the visual system, we propose
NEURONS, a novel framework that decouples learning into
four correlated sub-tasks: key object segmentation, con-
cept recognition, scene description, and blurry video re-
construction. This approach simulates the visual cortex’s
functional specialization, allowing the model to capture di-
verse video content. In the inference stage, NEURONS gen-
erates robust conditioning signals for a pre-trained text-
to-video diffusion model to reconstruct the videos. Ex-
tensive experiments demonstrate that NEURONS outper-
forms state-of-the-art baselines, achieving solid improve-
ments in video consistency (26.6%) and semantic-level ac-
curacy (19.1%). Notably, NEURONS shows a strong func-
tional correlation with the visual cortex, highlighting its
potential for brain-computer interfaces and clinical ap-
plications. Code and model weights are available at:
https://github.com/xmed-lab/NEURONS.

1. Introduction

Decoding visual stimuli from neural activity offers a critical
pathway to unraveling the intricate mechanisms of the hu-
man brain. Current approaches have demonstrated remark-
able success in leveraging non-invasive functional magnetic
resonance imaging (fMRI) data to reconstruct static images
(fMRI-to-image) [8, 26, 33, 34] by capitalizing on ad-
vanced deep learning architectures such as CLIP [28] and
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Figure 1. Previous methods [4, 10] implicitly align the brain model
with the highly coupled CLIP vision and text hidden features. Re-
search has demonstrated that distinct regions of the human visual
cortex are responsible for processing different types of visual in-
formation. Drawing inspiration from the human visual cortex,
where distinct regions specialize in processing different aspects of
visual information, we decouple the fMRI-to-video reconstruction
task into four corresponding sub-tasks, thereby capturing the full
spectrum of visual information in video stimuli.

Stable Diffusion [32]. These frameworks bridge neuro-
science and artificial intelligence, enabling data-driven ex-
ploration of the cerebral cortex’s functions.

However, extending these advances to fMRI-to-video re-
construction remains a formidable challenge. Unlike static
images, video decoding requires capturing the spatiotem-
poral dynamics of continuous visual streams—including
object motions, scene transitions, and temporal coher-
ence—which existing models struggle to represent holis-
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tically. Early studies [19, 26, 42, 45] faced challenges in
achieving satisfactory reconstruction performance as they
struggled to extract precise semantics from pre-trained dif-
fusion models. MinD-Video [4] addresses semantic is-
sues by conditioning the diffusion model on visual fMRI
features, but it lacks low-level visual detailing, diverging
from the brain’s visual system and limiting perception of
continuous details. NeuroClips [10] advances the field by
introducing a semantics reconstructor for accurate video
keyframe reconstruction and a perception reconstructor for
blurry video reconstruction. However, the main reconstruc-
tion process relies on aligning the brain model with CLIP
features implicitly, i.e., aligning in the hidden feature space,
which is not robust. The reason is that the CLIP hidden
feature space is highly semantic but the fMRI voxels are
encoded with multi-granularity information (Fig. 1).

Emulating the functional architecture of the visual cor-
tex offers a promising strategy to improve the decoding of
brain activity. Prior research has demonstrated that dis-
tinct regions within the visual cortex are specialized for
processing different levels of visual information granular-
ity [16, 21, 25, 44] (see Fig. 1). Inspired by the hierar-
chical organization of the human visual system, we de-
sign the learning framework as a composition of multiple
sub-tasks, each reflecting specific perceptual roles. For ex-
ample, early visual areas such as V1 and V2 are involved
in encoding low-level visual features—such as edges and
shapes—which parallels the function of segmentation mod-
ules in computer vision. However, segmenting every ob-
ject in a video is impractical due to the inherent limitations
of human memory in retaining detailed video information.
Since individuals predominantly focus on key objects and
salient features within scenes rather than processing all finer
details [17], we introduce the key object segmentation task,
which trains the brain model to initially learn the shapes and
contours of key objects. Subsequently, we progressively
incorporate more complex semantic concepts and motion
information through the concept recognition task, which
mimics the object and face recognition processes in areas
V4 and ITC, compensating for the semantic loss incurred
by focusing solely on key objects. Then, the scene descrip-
tion task enables the brain model to identify correlations
between concepts and generate coherent scene descriptions.
Finally, the blurry video reconstruction task integrates mo-
tion and color distribution information. These four tasks are
learned using a progressive strategy that mirrors the hierar-
chical structure of the visual cortex.

To construct these tasks, we leverage off-the-shelf
vision-language foundation models to generate key object
segmentation masks, class labels, and scene descriptions.
Building on this, we propose a novel framework named
NEURONS, which simulates the functional behaviors of
neurons in the human visual cortex. NEURONS addresses

the decoupled tasks through multiple specialized projec-
tions, each designed to model specific aspects of visual in-
formation processing. For Key Object Segmentation, we
train a text-driven video decoder to generate masks for the
key object in a video, guided by the key object class name.
For Concept Recognition, we train the brain model to rec-
ognize semantic concepts in the video through a multi-label
classification task. For Scene Description, we teach the
brain model to describe the video by decoding text embed-
dings into captions. Finally, for Blurry Video Reconstruc-
tion, the brain model is guided to align with the latent space
of the Stable Diffusion’s VAE [32], using the same video
decoder as in segmentation but replacing the segmentation
head with a reconstruction head. During inference, the de-
coupled task outputs of NEURONS serve as robust condi-
tioning signals for a pre-trained text-to-video (T2V) diffu-
sion model, enabling high-fidelity video reconstruction with
improved temporal smoothness and semantic consistency.

Extensive experiments show that NEURONS outperforms
state-of-the-art baselines, especially on video-based met-
rics. It improves spatiotemporal consistency by 0.196
(26.6%) and semantic metrics by 0.042 (19.1%) on average.
The proposed sub-tasks enhance shape, location, and se-
mantic extraction, and their decoupling boosts brain activ-
ity decoding. Mapping sub-task projections onto the brain’s
visual regions reveals functional alignment with the human
visual cortex.

2. Related Works

2.1. fMRI-to-Video Reconstruction

Recently, the decoding of original visual stimuli (e.g., im-
ages and videos) from brain functional magnetic resonance
imaging (fMRI) has garnered significant attention. This
interest stems from its crucial role in uncovering the in-
tricate mechanisms of the human brain [37], as well as
its remarkable potential to facilitate novel clinical assess-
ment methods and advance brain-computer interface appli-
cations [45]. Early exploration on this topic mainly focuses
on how to decode fMRI signals into concepts [15], and in re-
cent years, the reconstruction of static images [1, 9, 24, 37]
and dynamic videos [10, 20] have also witnessed some pro-
gresses. The typical paradigm consists of two crucial steps:
1) Align the representations of fMRI and visual stimuli
and map them both to the CLIP [28] embedding space; 2)
utilize generative models (e.g., diffusion model [31], gen-
erative adversarial network [11]) to reconstruct the visual
stimuli. More recently, some researchers started to explore
the more challenging reconstruction task from fMRI to dy-
namic video stimuli. For example, MinD-Video [4] suc-
cessfully reconstructs videos from fMRI at a relatively low
FPS. NeuroClips [10] attempted to improve the semantic
accuracy and video smoothness with a stronger semantic
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alignment paradigm and a more detailed perception captur-
ing. The main reconstruction process of these methods re-
lies on aligning the brain model with CLIP features implic-
itly, i.e., aligning in the hidden feature space, which is not
robust. The reason is that the CLIP hidden feature space
is highly semantic, but the fMRI voxels are encoded with
multi-granularity information.

2.2. Diffusion Models for Video Synthesis
Recently, the diffusion model has garnered significant at-
tention in the generative artificial intelligence communi-
ties. The breakthrough came with Ho et al. [14], who
introduced the Denoising Diffusion Probabilistic Model
(DDPM), demonstrating high-quality image synthesis com-
parable to GANs. In the static image generation realm,
after DDPM, DALLE-2 [29] incorporate CLIP to improve
the performance of text-to-image synthesis. Stable Diffu-
sion [32] improved generation efficiency by performing the
diffusion process in the latent space of VQVAE [39]. In the
more difficult realm, i.e., dynamic video synthesis, the typi-
cal pipeline is to incorporate an additional temporal module
to improve the smoothness of the generated videos. For ex-
ample, Blattmann et al. [2] introduced a Temporal Autoen-
coder Finetuning paradigm, which achieved high-resolution
and high-fps video generation. More recently, AnimateD-
iff [12] introduced an innovative temporal motion module
that seamlessly extends existing diffusion models for static
image generation into dynamic video generation.

3. Methodology
The overall framework of NEURONS is illustrated in Fig. 3.
NEURONS simulates the functional behaviors of neurons in
the human visual cortex by learning four decoupled tasks,
the construction of which is detailed in §3.1. The technical
core of NEURONS consists of three main components: (1)
a Brain Model that maps fMRI representations to motion
embeddings (§3.2), (2) a Decoupler that disentangles the
training of motion embeddings into progressive and explicit
sub-tasks (§3.3), and (3) an aggregated video reconstruction
pipeline that integrates the outputs of all sub-tasks to guide
high-quality video reconstruction (§3.4).

3.1. Decoupled Tasks Construction
We respectively carry out four task-setting build-up pro-
cesses: scene description generation, concept name genera-
tion, concept segmentation mask generation, and rule-based
key object discovery, as illustrated in Fig. 2.
Scene Description Generation. To build the task set-
ting for the scene description task, we need to gener-
ate a descriptive caption for each frame. The key tool
we utilize is the Qwen2.5-VL-72B-Instruct [43]. Firstly,
we input the frame image into Qwen, and instruct it
to provide a detailed one-phrase caption for the image,
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Figure 2. Decoupled Tasks Construction.

such as “a woman sitting on a bed looking
out a window at palm trees”. The detailed in-
struction prompts for scene description generation are illus-
trated in Supplementary § A.
Concept Name Generation. To build the task setting for
the concept recognition, we need to generate the concept
names of the key objects in each frame. Similarly, we first
input the frame into Qwen. Then, we instruct the Qwen
to recognize the primary objects (e.g., ['woman', 'bed',
'tree', ...]) in Fig. 2) in the frame. The primary objects will
then be categorized into 51 concepts (['animal', 'human',
'plant', 'furniture', ...]), which are summarized from
the WordNet [5]. The output format is a concept name list
(e.g., ['human', 'furniture', 'plant'] for Fig. 2) that
covers all primary objects in the frame. The detailed in-
struction prompts for concept name generation and the 51-
concept list are in Supplementary § A.
Concept Segmentation Mask Generation. Now, we uti-
lize the object list for each frame to generate segmentation
masks for the primary objects in each frame. We input each
frame along with its object list into Grounded-SAM [30]
and instruct it to generate a binary mask for each object us-
ing the object names from the list as textual prompts.
Rule-based Key Object Discovery. We propose a multi-
criteria approach to identify key objects in video sequences
by integrating motion dynamics, object size, and semantic
importance. Background categories (e.g., sky, ocean) are
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Figure 3. The overall framework of NEURONS comprises two primary components: the Brain Model (§3.2) and the Decoupler (§3.3). The
Brain Model is responsible for mapping fMRI representations to motion embeddings, while the Decoupler decouples these embeddings
into distinct explicit sub-tasks, including key object segmentation, concept recognition, scene description, and blurry video reconstruction.
These four tasks are progressively learned by dynamically adjusting the loss weights. The outputs generated from these sub-tasks are
subsequently utilized to reconstruct the final videos during the inference stage, as illustrated in Fig. 4.

excluded using predefined labels. For remaining objects,
inter-frame displacement is calculated, with higher weights
for priority categories like humans and animals (e.g., per-
son, dog, cat) to reflect semantic importance. Objects are
ranked by weighted displacement, and excessively large
ones (i.e., >50% of the image area) are filtered out. Priority
categories are selected first; otherwise, top-ranked objects
by motion dynamics are chosen. If all objects are back-
ground, the largest one is selected as a fallback to ensure at
least one key object is identified.

3.2. NEURONS - Brain Model
The brain model aims to encode fMRI voxels into video
embeddings. Its training serves as a pre-training stage to
produce suitable video embeddings, preparing for subse-
quent decoupled tasks. After preprocessing, a video is
split into several clips at two-second intervals (i.e., fMRI
time resolution), each video clip yc has six frames yc ∈
RB×F ×C×H×W where F the number of frames and F = 6.

xc is the corresponding fMRI signal of video clip c. We
use the same pre-trained MindEyeV2 [34] (details are il-
lustrated in Supplementary §B.1). Previous approaches
like NeuroClips directly align the image embeddings from
the backbone, overlooking temporal relationships between
consecutive frames. Instead, we use a motion projection
Pvid(·) to map the image embeddings ei ∈ RB×N×C to
spatial-temporal space ev ∈ RB×F ×N×C . We use the same
bidirectional contrastive loss as in [10, 34] called BiM-
ixCo, denoted as LCLIPv , which combines MixCo and con-
trastive loss, to align ev with the target video embeddings
of CLIP vision encoder, detailed in Supplementary §B.1.
Then, we embed ev to obtain the text embedding et. A con-
trastive learning loss between CLIP text embedding and et

is adopted to train the additional text modality. The con-
trastive loss serves as the training loss LCLIPt of this pro-
cess, similar to LCLIPv , omitted here. This pre-alignment
provides feasible vision and text features which are then fed
into the Decoupler for decoupled task learning.
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Figure 4. Inference pipeline of NEURONS. We use the gener-
ated key object masks as condition to control image generation
and blurry video generation, and the generated scene description
as text prompt to T2V Diffusion.

3.3. NEURONS - Decoupler: Decoupled Explicit
Tasks Learning

Starting from a key object segmentation task that requires
minimum semantic information, we progressively teach
NEURONS to learn more complex semantics through con-
cept recognition task (to recognize semantic concepts),
scene description task (to describe the video by decod-
ing text embeddings into captions), and blurry video re-
construction task (to learn motion information and color
distribution). During inference, the decoupled task out-
puts of NEURONS serve as robust conditioning signals for
a pre-trained text-to-video (T2V) diffusion model, enabling
high-fidelity video reconstruction with improved temporal
smoothness and semantic consistency.
Key Object Segmentation. The capacity of humans to re-
tain detailed memories of videos is inherently limited. Re-
search has shown that individuals tend to focus on key ob-
jects and salient features within a scene, often overlooking
finer details [17]. This selective attention mechanism pro-
vides a foundational strategy to reduce the complexity of the
learning process. By initially focusing on key objects, we
can progressively introduce more complex semantic con-
cepts and motion information. To complete this task, we
design a text-driven video decoder that is based on the VAE
video decoder [40]. The decoder takes video embeddings
ev and text embeddings et as inputs. For this task, the text
embeddings are obtained by encoding the category name of
the key object with the CLIP text encoder. Then, a cross-
attention module is used to activate certain patches of ev

(as query Q) corresponding to et (as key K and value V ):
eseg = softmax( QK!

√
d

) · V , the activated eseg is upsam-

pled to a higher resolution for pixel-level recognition. Fi-
nally, we use a simple segmentation head Dvs(·) to gener-
ate binary segmentation masks yseg for the key object in the
video. The objective function of this task is a binary cross-
entropy loss Lseg , detailed in Supplementary §B.2.
Concept Recognition. Despite the detailed visual infor-
mation we learn from the above segmentation and scene
description tasks, it is equally important to understand and
recognize the semantic concept in the frame image to pre-
vent semantic shifts. To this end, we incorporate a con-
cept recognition task by additionally involving a multi-label
classifier Dcls(·) to recognize the key concepts inside the
frame image using the vision embedding of MRI. Specifi-
cally, we impose the cross-entropy loss between the predic-
tion and the GT concept list (Sec. 3.1):

Lcls = Lce(Dcls(ēv), C), (1)

where ēv represents the mean of ev computed along the
frame axis and C denotes the GT concept list.
Scene Description. Next, with the ability to identify key
objects and complementary concepts, the brain model is
taught to comprehensively describe the overall visual scene.
To achieve that, we incorporate a scene description task,
which aims to generate a descriptive caption for each frame
of the video. Specifically, we incorporate and finetune a
pre-trained text decoder Dtxt(·), which takes the text em-
beddings of the fMRI as input to generate the caption text.
Herein, we utilize the GPT-2 [27] as our text decoder. We
train the text decoder through prefix language modeling.
Specifically, given a ground-truth (GT) caption token se-
quence S = s0, s1, ..., s|S| and the corresponding text em-
bedding of the MRI et, our text decoder Dtxt(·) learns to
reconstruct S regarding et as the prefix. The objective func-
tion Ltxt can be described as follows:

Ltxt = −
1

|S|

|S|∑

i=1

log Dtxt(si|s<i, et), (2)

where si denotes the ith token in GT token sequence S .
Blurry Video Reconstruction. Finally, the blurry video re-
construction task enables the model to learn the color distri-
bution and capture motion information. We adopt the same
VAE decoder used in the key object segmentation task while
replacing the segmentation head Dvs(·) with a reconstruc-
tion head Dvr(·) Take the video embeddings et as inputs,
the text-driven video decoder with Dvr(·) generates blurry
video yrec

c ∈ RB×F ×C× H
8 × W

8 . Then we map yc to the
latent space of Stable Diffusion’s VAE to obtain the latent
embeddings y′

c. We adopt mean absolute error (MAE) loss
to train this sub-task, the overall loss can be described as:

Lrec =
1
F

F∑

i=1

|yrec
c,i − y′

c,i|. (3)
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Progressive Learning Strategy and Overall Training
Loss. To dynamically adjust the weights of different loss
functions during training, we propose a logarithmic weight
scheduling strategy. This strategy ensures that the weight of
each loss function follows a smooth curve, starting from 1,
increasing to 10, and then decreasing back to 1 over a prede-
fined period. The weight scheduling is applied to four loss
functions, each with a staggered period to ensure balanced
training. For epoch E, batch B, and batches per epoch NB ,
the total batches in a period P is T = P · NB . The cur-
rent batch’s position within the period starting at epoch S
is C = (E − S) · NB + B. The weight w is computed
as w = 1 + 9 ·

∣∣sin
( C

T · π
)∣∣. If E is outside the period

[S, S + P ), w = 1. At each batch step, the weights for
all four loss functions are computed using the above for-
mula, with their periods staggered, which ensures smooth
transitions, as shown in Supplementary Fig. b. The overall
training loss can be defined as:

Ltotal = w1Lseg + w2Lcls + w3Ltxt + w4Lrec. (4)

3.4. Inference: Aggregated Video Reconstruction

Following NeuroClips [10], we use a pre-trained T2V dif-
fusion model [12] for inference, guided by a control im-
age, blurry video, and text description. As shown in
Fig. 4, we prepare these inputs using outputs from decou-
pled tasks: the control image is generated from a frame via
unCLIP [29], while concepts and text descriptions are de-
rived from Dcls and Dtxt. The top-1 concept and text em-
beddings guide video mask generation via Dvs and blurry
video creation via Dvs, respectively. To emphasize the key
object, we rescale its binary masks to [0.5, 1] and multiply
them to condition both the control image and blurry video,
ensuring its prominence.

4. Experiments

4.1. Experimental Setup

In this study, we performed fMRI-to-video reconstruc-
tion experiments using the open-source fMRI-video dataset
(cc2017 dataset 1 ) [45]. For each subject, the training and
test video clips were presented 2 and 10 times, respectively,
and the test set was averaged across trials. The dataset con-
sists of a training set containing 18 8-minute video clips
and a test set containing 5 8-minute video clips. The MRI
(T1 and T2-weighted) and fMRI data (with 2s temporal
resolution) were collected using a 3-T MRI system. Thus
there are 8640 training samples and 1200 testing samples of
fMRI-video pairs. The data pre-processing follows Neuro-
Clips [10], which is detailed in Supplementary §C. Imple-
mentation details are provided in Supplementary §D.

1 https://purr.purdue.edu/publications/2809/1

Table 1. Quantitative comparison of NEURONS reconstruction per-
formance against other methods (Video-based). Bold font signifies
the best performance, while underlined text indicates the second-
best performance. MinD-Video and NeuroClips are both results
averaged across all three subjects, and the other methods are re-
sults from subject 1. Results of baselines are quoted from [10, 23].

Method Semantic-level ST-level

2-way↑ 50-way↑ CLIP-pcc↑

Wen [45] - 0.166±0.02 -
Wang [42] 0.773±0.03 - 0.402±0.41

Kupershmidt [19] 0.771±0.03 - 0.386±0.47

MinD-Video [4] 0.839±0.03 0.197±0.02 0.408±0.46

MindAnimator [23] 0.830±0.03 - 0.428±0.03

NeuroClips [10] 0.834±0.03 0.220±0.01 0.738±0.17

NEURONS 0.863±0.03 0.262±0.01 0.934±0.17

subject 1 0.862±0.02 0.254±0.02 0.932±0.04

subject 2 0.860±0.03 0.252±0.02 0.933±0.04

subject 3 0.868±0.02 0.278±0.02 0.937±0.02

Evaluation Metrics. We conduct the quantitative assess-
ments primarily focusing on video-based metrics. We eval-
uate videos at the semantic level and spatiotemporal(ST)-
level. For semantic-level metrics, a similar classifica-
tion test (total 400 video classes from the Kinetics-400
dataset [18]) is used above, with a video classifier based
on VideoMAE [38]. For spatiotemporal-level metrics that
measure video consistency, we compute CLIP image em-
beddings on each frame of the predicted videos and report
the average cosine similarity between all pairs of adjacent
video frames, which is the common metric CLIP-pcc in
video editing [46]. Additionally, we assess frames at both
pixel and semantic levels. For pixel-level evaluation, we
use SSIM and PSNR. For semantic-level evaluation, we em-
ploy an N-way top-K accuracy classification test (1,000 Im-
ageNet classes). The test compares ground truth (GT) clas-
sification results with predicted frame (PF) results using an
ImageNet classifier. A trial is successful if the GT class
is among the top-K probabilities (we used top-1) in the PF
results, selected from N random classes, including the GT.
The success rate is based on 100 repeated tests.

4.2. Comparison with State-of-the-Art Methods
In this section, we compare NEURONS with previous video
reconstruction methods on the cc2017 dataset both quanti-
tatively and qualitatively. In quantitative metrics, our pro-
posed method demonstrates superior performance across
all video-based metrics compared to existing methods, as
shown in Table 1. Semantic-level 2-way accuracy achieves
0.863, surpassing the previous best result (0.839 by MinD-
Video) by a relative margin of 2.9%. Notably, our method
significantly outperforms state-of-the-art methods in ST-
level CLIP-pcc, attaining 0.934, which represents a 26.6%

18372



GT Neurons NeuroClips GT Neurons NeuroClips

Figure 5. Qualitative comparison between NEURONS and previous
SOTA method, NeuroClips [10].

improvement over NeuroClips (0.738). Furthermore, our
method achieves the highest 0.262 in the 50-way accuracy,
outperforming NeuroClips (0.220) by 19.1%. The con-
sistent superiority across all metrics, coupled with lower
standard deviations, underscores the robustness of our ap-
proach. These results validate that our method effectively
bridges semantic and spatiotemporal feature learning, set-
ting a new benchmark for video understanding tasks. More-
over, we also provided a frame-based comparison, which is
detailed in Supplementary §E.1 and Table a. For qualitative
comparison, as can be seen in Fig. 5, compared to Neuro-
Clips, our NEURONS generates videos with higher quality,
more precise semantics (e.g., people, turtles, and airplanes),
and smoother movements. Furthermore, thanks to the de-
coupled tasks, NEURONS has a better capability of recon-
structing more complex scenes, such as a crowd of people.
More visualizations can be found in Supplementary §E.2.

4.3. Ablation Studies

In this section, we evaluate the key components of NEU-
RONS, including the four decoupled sub-tasks, the progres-
sive learning strategy, and the aggregated video reconstruc-
tion. The quantitative results are in Table 2, where all the re-
sults of the ablation experiments are from subject 1. Due to
the hierarchical function of the proposed methods, we grad-
ually add components starting from the brain model with
Lrec, which is the minimum input requirement of the Neu-
roClips inference pipeline. The results indicate that the in-
clusion of Lseg and Lcls significantly improves the model’s
performance, as evidenced by the increase in 2-way and

Table 2. Ablations on the key components of NEURONS on video-
based metrics, and all results are from subject 1. ‘PL’ denotes
the progressive learning strategy and ‘AVR’ stands for aggregated
video reconstruction.

Brain Key Components Semantic-level ST-level

Model Lseg Lcls Ltxt Lrec PL AVR 2-way↑ 50-way↑ CLIP-pcc↑

! ! 0.814 0.164 0.894
! ! ! 0.834 0.225 0.926
! ! ! ! 0.836 0.234 0.911
! ! ! ! ! 0.847 0.213 0.923
! ! ! ! ! ! 0.856 0.235 0.937

! ! ! ! ! ! ! 0.862 0.254 0.932

50-way metrics. The addition of Ltxt further enhances the
semantic-level understanding, leading to a notable improve-
ment in the CLIP-pcc score. The progressive learning strat-
egy and aggregated video reconstruction, when combined
with all other components, yield the highest performance
across all metrics, achieving the best 2-way and 50-way
scores of 0.862 and 0.254, respectively. Qualitative anal-
ysis is detailed in Supplementary §E.3.

5. Explicit Evaluation of Decoupled Tasks

Each decoupled task provides certain improvements to the
final reconstruction results. In this section, we explicitly
evaluate the outputs of decoupled tasks, i.e., the accuracy of
segmentation, classification, and description generation.
Key Object Segmentation. We conducted a comprehen-
sive evaluation of the predicted key object masks. Although
the overall Dice score is relatively low (35.63%), the local-
ization of key objects is often accurate in many cases. The
lower Dice score can be attributed to the presence of nu-
merous out-of-distribution categories in the test set, as high-
lighted in Table b. In Fig. 7, we present several successful
examples where the model achieves precise localization of
the key object. These results demonstrate the model’s abil-
ity to effectively refine the shape and position of objects in
blurry video frames.
Concept Recognition. We evaluated multi-class classifica-
tion accuracy to assess the concept recognition task, ensur-
ing precise and meaningful semantic representations from
the visual cortex. As shown in Table 3, NEURONS achieves
satisfactory accuracy on common categories (0.735 on hu-
man), which indicates the ability of NEURONS to preserve
semantic integrity and prevent conceptual deviations.
Scene Description. NeuroClips [10] generates text prompts
for the T2V diffusion model by captioning the generated
keyframes using BLIP. However, this approach lacks ro-
bustness due to inaccuracies in the generated keyframes,
which often hinder the precise identification of semantic
content, as demonstrated in Table 3. We conduct a compre-
hensive comparison between the descriptions generated by
NeuroClips and our method. The results reveal that NEU-
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Figure 6. Mapping decoupled embeddings to the brain map [47] shows consistency with the design ethos in Fig. 1: object segmentation
captures low-level features (V1, V2), concept recognition identifies body parts (EBA), and objects (LOC), scene description processes
scenes (PPA) and higher-level representations, and blurry video reconstruction integrates global but less low-level information.

Figure 7. From left to right, the videos are as follows: the GT
(ground truth) video, the blurry video before and after applying
the segmentation mask condition, the segmentation GT, and the
predicted segmentation masks. Best viewed with Acrobat Reader.
Click the images to play the animation clips.

Table 3. (Top) Evaluation results for concept recognition. Only
the top-5 classes are displayed here, Fullr results in Supplemen-
tary §E.4. (Bottom) Evaluation of scene description at both the
sentence level and verb level.

Concept Recognition Evaluation

Rank 1 2 3 4 5
Class Name human food animal water body fish

Accuracy 0.735 0.600 0.450 0.310 0.292

Scene Description Evaluation

Metric Sentence-level Verb AccBleu 1 Bleu 2 Bleu 3 Bleu 4 CIDEr

NeuroClips 0.227 0.096 0.042 0.022 0.156 0.1158
NEURONS 0.238 0.105 0.056 0.036 0.239 0.2425

RONS produces more accurate scene descriptions at the sen-
tence level, particularly in capturing verbs that reflect better
motion information. Further details in Supplementary §E.5.

6. Interpretation Results
Inspired by the human visual cortex, we designed our NEU-
RONS with four different decoupled tasks. In order to val-
idate our initial inspiration, we map the projected embed-
dings of each decoupled task to a brain map with [47], a
visualization tool that uncovers functional correlations be-
tween NEURONS’s tasks and distinct regions of the visual
cortex. As shown in Figure 6, the embeddings align with
specific regions: eseg with V1, V2, and MT (due to video-
based segmentation), ecls with V4, EBA and LOC, etxt with
PPA and FFA. Notably, erec highlights V3 areas while also
encoding richer semantic information. This alignment with
various visual cortex regions validates our design principles
and underscores the biological plausibility of our approach.
More details are in Supplementary §F.

7. Conclusion
We present NEURONS, a novel framework inspired by the
hierarchical organization of the human visual cortex, de-
signed to enhance the fidelity and interpretability of fMRI-
to-video reconstruction. By decomposing the learning pro-
cess into four specialized tasks, we effectively emulate the
functional specialization of the human visual system. This
hierarchical approach enables the framework to capture a
broad spectrum of video content, ranging from low-level
visual features to high-level semantic concepts. Our com-
prehensive experimental results demonstrate that NEURONS
surpasses previous methods across both video-based and
frame-based evaluation metrics. The framework achieves
marked improvements in spatiotemporal consistency, se-
mantic accuracy, and pixel-level reconstruction quality. The
decoupled task structure not only enhances reconstruction
performance but also provides interpretable insights into the
functional alignment between the model and the human vi-
sual cortex. By mapping the outputs of each task to corre-
sponding brain regions, we observed a strong correlation
with the hierarchical processing of visual information in
the human brain, which further highlights its potential for
brain-computer interfaces and clinical applications.
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