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Abstract

In our quest to decode the visual processing of the human
brain, we aim to reconstruct dynamic visual experiences from
brain activities, a task both challenging and intriguing. Al-
though recent advances have made significant strides in re-
constructing static images from non-invasive brain record-
ings, the translation of continuous brain activities into video
formats has not been extensively explored. Our study intro-
duces NeuralFlix, a simple but effective dual-phase frame-
work designed to address the inherent challenges in decoding
fMRI data, such as noise, spatial redundancy, and temporal
lags. The framework employs spatial and temporal augmen-
tation for contrastive learning of fMRI representations, and a
diffusion model enhanced with dependent prior noise for gen-
erating videos. Tested on a publicly available fMRI dataset,
NeuralFlix demonstrates promising results, significantly out-
performing previous state-of-the-art models by margins of
20.97%, 31.00%, and 12.30%, respectively, in decoding the
brain activities of three subjects individually, as measured by
SSIM.

Code — https://github.com/soinx0629/NeuralFlix

Introduction
The visual world that we encounter in daily life is highly
dynamic, marked by fluid and continuously evolving sen-
sory experiences (Varela, Thompson, and Rosch 2017). The
human brain, with its remarkable complexity, continuously
processes these visual inputs to construct a coherent nar-
rative of perception (Bartels, Zeki, and Logothetis 2008;
Nishimoto et al. 2011). Unraveling the layers of this intri-
cate system and deciphering the associated neural processes
represent considerable challenges (Chen, Qing, and Zhou
2023). Although invasive neural imaging methods such as
ECoG offer certain advantages (Kanth and Ray 2020) over
non-invasive techniques in studying human brain’s visual
processing—particularly in terms of an improved signal-to-
noise ratio—their requirement for surgical implantation and
associated safety concerns limit their widespread applica-
tion, especially when compared with non-invasive methods.

*These authors contributed equally.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Consequently, a key objective in this field is to develop sys-
tems capable of decoding brain activity using non-invasive
techniques to reconstruct human visual perceptions. Achiev-
ing such advancements could greatly enhance accessibility
for individuals with sensory impairments while deepening
our understanding of the neural foundations of visual per-
ception.

Functional Magnetic Resonance Imaging (fMRI) a non-
invasive neuro-imaging technology well-regarded for its
high spatial resolution, which is crucial for recording de-
tailed activations in the visual cortex and other brain regions
(Hénaff et al. 2021). This capability is essential for recon-
structing visual content based on brain activity. While re-
constructing static images has seen notable progress (Chen
et al. 2022; Sun, Li, and Moens 2023), reconstructing videos
is still an area of active research. One of the main challenges
with fMRI is its reliance on measuring changes in the blood-
oxygen-level-dependent (BOLD) signal, which can exhibit
spatial redundancy and sometimes lag behind actual neu-
ral activity due to the hemodynamic response (Uğurbil et al.
2013; de Zwart et al. 2009). Additionally, the non-invasive
nature of fMRI means it can pick up noise from various
physiological and scanner-related sources, which compli-
cates the reconstruction of high-quality videos (Parrish et al.
2000).

To address these challenges, we have developed a two-
phase framework called NeuralFlix which aims to recon-
struct high-resolution videos from fMRI data which are se-
mantically consistent with the videos viewed by human sub-
jects. In the first phase, we use spatial masking and tempo-
ral interpolation to enhance fMRI data, while an optimized
fMRI encoder is trained to resist disturbances from these
augmentations. In the second phase, this trained fMRI en-
coder guides a video diffusion model in generating videos.
We further improve this phase by introducing noise models
that compensate for the low signal-to-noise ratio typical of
fMRI data. Together, these innovations help our framework
to convert complex and noisy fMRI data into precise and
meaningful visual reconstructions, showcasing the potential
of combining advanced neural imaging with machine learn-
ing to decode brain activity.

We tested our method on a publicly available dataset
of fMRI-video pairs, involving three individuals watching
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videos. Our results show significant improvements over pre-
vious models in both detailed pixel accuracy and broader se-
mantic understanding. Specifically, our approach improves
upon the latest state-of-the-art (SOTA) model (Chen, Qing,
and Zhou 2023) by significant margins: 20.97% in decod-
ing brain activities of Subject 1, 31.00% in Subject 2, and
12.30% in Subject 3. Given that our method is straightfor-
ward and easy to implement, these findings highlight the po-
tential of our approach to advance the technology of neural
decoding and visual reconstruction.

Related Works
Decoding Visual Contents from Brain Activities
Reconstructing Images from Brain Activities Recent
advancements in foundational models (Radford et al. 2021a;
Wang et al. 2024; Sun et al. 2020) especially deep generative
models (Ho, Jain, and Abbeel 2020) have spurred significant
interest in the field of reconstructing perceived contents from
brain activities (Sun et al. 2019, 2021; Zhao et al. 2024),
and visual content such viewed and imagined images (Fang,
Qi, and Pan 2021) gained attention in this field. Early re-
search predominantly transformed fMRI signals into image
features, which were then processed by fine-tuned Genera-
tive Adversarial Networks (GANs) to create images (Moza-
fari, Reddy, and van Rullen 2020). A notable example is
the use of a pre-trained VGG network to extract hierarchi-
cal image features from fMRI data, which were then used
to synthesize images through a GAN (Shen et al. 2019).
More recent efforts in the last couple of years have shifted
towards employing Diffusion Models. These models have
successfully produced images that are both semantically co-
herent and visually more accurate (Qian et al. 2023; Lin,
Sprague, and Singh 2022; Chen et al. 2022; Sun, Li, and
Moens 2023). For instance, (Sun et al. 2023) significantly
improved fMRI representation learning through denoising
techniques and leveraged pixel-level guidance from image
auto-encoders to effectively isolate vision-related neural ac-
tivities from non-relevant noise.

Reconstructing Videos from Brain Activities While
static image reconstruction has made strides, decoding
videos from fMRI data remains challenging. Traditional
methods treat video reconstruction as a sequence of indi-
vidual image reconstructions, often resulting in lower frame
rates and inconsistent quality (Wen et al. 2018). Improve-
ments include using a linear layer to encode fMRI data and
a conditional video GAN to enhance frame quality (Wang
et al. 2022), though dataset limitations restrict their effec-
tiveness. Further advancements came from (Kupershmidt
et al. 2022) with a separable autoencoder for self-supervised
learning, and from (Chen, Qing, and Zhou 2023), who used
contrastive learning and spatial-temporal attention to en-
hance fMRI representation accuracy. However, these meth-
ods still face challenges, particularly in handling disruptions
in space and time and in dealing with the noisy nature of
fMRI data. This paper compares our enhanced approach
to these baseline methods (Kupershmidt et al. 2022; Chen,
Qing, and Zhou 2023; Wang et al. 2022).

Image and Video Generation with Diffusion
Models
Diffusion Models, inspired by nonequilibrium thermody-
namics, are probabilistic models that convert data into Gaus-
sian noise and then reconstruct the original data, demon-
strating excellent performance in content generation tasks
such as text-to-image (Rombach et al. 2022) and 3D object
creation (Poole et al. 2022). The typically iterative process,
requiring hundreds of steps, has been streamlined by the
Denoising Diffusion Implicit Model (DDIM) (Song, Meng,
and Ermon 2020), which decreases the steps needed for
high-quality output. Enhancements such as the integration
of ordinary differential equation solvers (Lu et al. 2022a,b;
Liu et al. 2022), variance optimization (Bao et al. 2022),
reduction of exposure bias (Li et al. 2024a; Ning et al.
2024, 2023), and improved noise schedulers (Nichol and
Dhariwal 2021) have further accelerated inference and en-
hanced generative quality. Early uses of Diffusion Models
for video generation were led by the introduction of the 3D
diffusion UNet by VDM (Ho et al. 2022b). Later, ImageN
(Ho et al. 2022a) developed a cascaded sampling frame-
work with super-resolution techniques for producing high-
resolution videos. Additional advances include temporal at-
tention mechanisms by Make-A-Video (Singer et al. 2022),
integration within latent diffusion models by MagicVideo
(Zhou et al. 2022) and LVDM (He et al. 2022), and the in-
corporation of additional guiding signals (Li et al. 2024b)
to improve video generation. In this work, we modify the
image diffusion model to support video by adding a tempo-
ral layer after each spatial layer and incorporating dependent
noises.

Method
Our method consists of fMRI feature leaning and video de-
coding two-phase framework for reconstructing videos from
fMRI-recorded brain activities. Phase 1 involves tuning a
pre-trained fMRI encoder with spatial and temporal aug-
mented contrastive learning to align fMRI data with CLIP’s
text and image features, enhancing the extraction of seman-
tic information from fMRI signals. Phase 2 uses the trained
fMRI encoder to guide a video diffusion model, incorpo-
rating dependent prior noise to compensate for fMRI’s low
signal-to-noise ratio.

In the first subsection, we delve into learning fMRI rep-
resentation with spatial and temporal augmented contrastive
learning. In the second subsection, we elaborate on the de-
sign of prior noise for the video diffusion model to decode
more coherent videos from brain activity. In the third one,
we describe our experimental approach for analyzing our re-
sults, aiming to clarify the contribution of each brain region
throughout different stages of learning.

FMRI Feature Learning
Pre-training and FMRI Input Format Given the lim-
ited availability of fMRI-video pair data, we leverage a pre-
trained fMRI representation space using a model proven ef-
fective in image reconstruction from fMRI, as introduced by
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Figure 1: The proposed double-phase framework to reconstruct seen videos from fMRI. [a]: Using spatial masking and temporal
interpolation to produce augmented samples [b]: Phase 1 trains an fMRI encoder to map from fMRI to CLIP text and image
embeddings with contrastive learning. [c]: Phase 2 conditions generation of a diffusion model with Phase 1’s fMRI encoder
incorporating dependent noises. [d]: Dependent noise generation.

(Sun et al. 2023). This model uses a Vision Transformer-
based encoder to process masked fMRI signals and a de-
coder for restoring unmasked signals, utilizing a double-
contrastive masked autoencoding (DC-MAE) technique, op-
timized on the HCP dataset (Van Essen et al. 2013). The
”Double-Contrastive” model optimizes contrastive losses
through two contrasting operations during fMRI representa-
tion learning (Sun et al. 2023; Chen, Qing, and Zhou 2023;
Chen et al. 2022; Sun, Li, and Moens 2023). We use this
fMRI encoder to establish a robust pre-trained representa-
tion space. Since the pre-trained fMRI encoder was trained
on the HCP dataset without video labels, there was no con-
cern of possible data leakage with fMRI-Video dataset we
are using in this paper.

In our approach to video decoding, we treat fMRI data
as a sequence of 3D tensors. However, due to the scarcity
of fMRI-video pairs, we opt for a simpler model structure
that does not require extensive parameterization to capture
the 3D structure of fMRI data. Following successful prece-
dents (Sun et al. 2023; Chen et al. 2022), we convert the 3D
fMRI data from the visual cortex into 1D, align it with the
visual processing hierarchy, segment it into uniform patches,
and then tokenize it. Traditionally, neural decoding methods
have simplified the conversion of fMRI data to video frames
by using a fixed ”fMRI frame window.” This approach, how-
ever, does not effectively handle the inherent temporal de-
lay in fMRI data. To address this, we use a sliding window
technique, defined as vt = {vt, vt+1, . . . , vt+w−1}, where
vt ∈ Rn×p×b represents the token embeddings at time t, and
n, p, and b denote the batch size, patch size, and embedding

dimension, respectively. This results in vt ∈ Rn×w×p×b,
where w is the window size. Our decoding algorithms ap-
ply to these windows, taking into account the specific spa-
tiotemporal characteristics of fMRI data as we will discuss
in subsequent sections.

Spatial and Temporal Augmentation To tackle the dual
challenges of limited fMRI-video pair data and the inher-
ently low signal-to-noise ratio in fMRI, we propose a novel
method for training a noise-robust fMRI encoder. Central
to our approach is the cognitive plausible augmentation of
samples for contrastive learning, tailored to the unique spa-
tial and temporal characteristics of fMRI data. Conventional
computer vision augmentations such as cropping and rota-
tion are not suitable for fMRI images, which require main-
taining the spatial integrity that correlates with neurologi-
cal function. After extensive review (Glover 2011; Buxton
2009) and consultations with experts, we employ two pri-
mary augmentation techniques: spatial masking and tempo-
ral interpolation.

For spatial masking, we randomly select a portion of the
tokens in vt ∈ Rn×w×p×b and set them to zero. Specifi-
cally, γspab values are zeroed out in the fourth dimension,
b, with γspa as a tunable hyperparameter. The positions to
be masked are consistent within the same window but vary
across different batches.

Temporal interpolation involves replacing randomly se-
lected frames within a window with interpolations of other
frames based on their temporal proximity—the farther away
a frame, the less it contributes. This method uses weighted
interpolations for fMRI sequences, unlike static image aug-
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mentation methods like CutMix which involve cropping and
pasting. Mathematically, for a window of w fMRI frames
vt, and a selected ith frame vti , the interpolated frame v̂ti is
calculated as:

v̂ti =
n∑

j=1,j ̸=i

(
1− |i− j|

n

)
vtj (1)

The original frame vti is then replaced by v̂ti .
The degree of interpolation is governed by the temporal

interpolation ratio γtem, another adjustable hyperparameter.
Details on the settings and impacts of γtem and γspa will be
further explored in the Section 5.2 Ablation Study.

Contrastive Mapping In our method, we employ a
vision-Transformer-based fMRI encoder to process fMRI
token vectors, aligning them with the CLIP model’s text and
image embeddings. This process is enhanced by incorporat-
ing contrastive learning using augmented examples as de-
scribed in the previous subsection.

Initially, we utilize the pre-trained CLIP model (Radford
et al. 2021b) to encode the stimuli used in the collection of
fMRI data. For each video, captions are generated using the
pre-trained BLIP model (Li et al. 2022) and then encoded
with the CLIP model to produce text embeddings. Similarly,
we process each video frame to generate corresponding im-
age embeddings. The fMRI encoder is fed with the token
vectors and trained to map from fMRI to CLIP embeddings.
Additionally, the fMRI encoder is fed with both the spatially
and temporally augmented examples and is optimized with
contrastive losses to learn fMRI features robust to the spatial
and temporal disturbances.

The formal representation of our loss functions, consid-
ering the original fMRI token vectors vt, their spatially
augmented version vspa

t , and temporally augmented version
vtem
t , is as follows:

Ltem =LIfNCE [Ef (vt), Ef (v
tem
t )]

Lspa =LIfNCE [Ef (vt), Ef (v
spa
t )]

Lemb =LIfNCE [Ef (vt), e
txt
t ] + LIfNCE [Ef (vt), e

img
t ],

(2)
where LInfoNCE is the InfoNCE loss and Ef denotes the

fMRI encoder. etxtt and eimg
t mean the CLIP text and image

embeddings. We aim to optimize these losses jointly, with
the overall loss function being defined as:

LEf
= µspaLspa + µtemLtem + Lemb (3)

In this equation, µspa and µtem are hyperparameters that ad-
just the weight of the corresponding losses. The setting and
effects of µspa and µtem will be detailed in Section 5.2.

Generation with Diffusion Model
Prelimiaries Diffusion Models (Sohl-Dickstein et al.
2015) show significant potential in generating both images
and videos. In this work, we adopt the widely used Stable
Diffusion (SD) (Rombach et al. 2022) as the baseline model,
known for its efficient denoising capabilities in the image’s
latent space, which requires considerably fewer computa-
tional resources. During training, the SD begins by using

a KL-VAE (Kingma and Welling 2013) encoder to convert
image x0 to latent space: z0 = E(x0). It then progressively
transforms this latent representation into a Gaussian noise,
following the equation:

zt =
√
ᾱtz0 +

√
1− ᾱtϵ (4)

Here, the ϵ represents a noise sampled from a normal dis-
tribution: ϵ ∼ N (0, 1). ᾱt is the predefined noise schedule.
The model is trained to predict the added noise at each step,
and the loss function could be formulated as :

Lsimple
t = Et,x0,ϵt∼N (0,1)[∥ϵt − ϵθ(zt, t, c)∥22] (5)

t is the diffusion time step, and c is the text prompt con-
dition. During inference, the SD gradually reconstructs an
image aligned with the provided text prompt from Gaussian
noise. The denoised results are then processed through the
decoder of the KL-VAE to reconstruct the colored images
from their latent representation: x0 = D(z0).

Dependent Prior Video Diffusion. Following previous
studies (Wu et al. 2023; Chen, Qing, and Zhou 2023), we uti-
lize a pre-trained text-to-image Stable Diffusion (SD) model
as our foundational video generator. While adept at creat-
ing high-quality individual frames, the original SD model
lacks temporal coherence for video generation. To address
this, we modify it by converting 2D convolutions to pseudo
3D and adding a temporal attention layer after each spatial
self-attention layer. This modification introduces temporal
awareness, allowing each visual token to attend to tokens
from the previous two frames. The temporal attention layer
operates as:

Attention(Q,K, V ) = Softmax(
QKT

√
dk

)V (6)

with Q,K, V being the query, key, and value matrices,
and WQ,WK ,WV as learnable parameters.

For decoding brain activity into video, we start by sam-
pling m latent codes from Gaussian noise and progressively
refine them using the fMRI representation. Given the low
signal-to-noise ratio in fMRI signals, enhancing video qual-
ity is challenging. Previous research (Ge et al. 2023) demon-
strates that employing a deterministic ODE solver in the
generative process of the SD model results in a high correla-
tion of initial noise in frames from the same video. Similarly,
it has been observed that fMRI signals from similar visual
stimuli exhibit a high degree of correlation. Based on these
observations, we utilize correlated noise as a form of prior
knowledge within the generative model and the fMRI decod-
ing process. To create a sequence of dependent noise, where
each noise is sampled from Gaussian Distribution with a
mean of zero and a variance of one, we divide each noise
into two components: ϵs and ϵji , and the dependent noise is
obtained by following formula:

ϵj =
√
β · ϵs +

√
1− β · ϵji (7)

where ϵs ∼ N (0, 1) and ϵi ∼ N (0, 1).
√
β is the hyperpa-

rameter conditioning the noise ratio, whose setting and ef-
fects are discussed in Section 5.2’s Ablation Study. A visu-
alization of generating dependent noise is presented in Fig-
ure 1 [d]. During training, we substitute the original noise
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in SD model with our customized dependent noise to gener-
ate noisy latent codes at each time step. Conversely, in the
generative phase, the process begins with the introduction of
our dependent noise.

Experimental Setup
Evaluation Metrics and Baselines
We evaluate our approach using both pixel-level and
semantic-level metrics. For pixel-level assessment, we use
the Structural Similarity Index Measure (SSIM) (Wang et al.
2004). For semantic-level evaluation, we perform a 50-way
top-1 accuracy classification test, where SSIM and classi-
fication accuracy are calculated for each frame against its
ground truth. The classification test involves an ImageNet
classifier, and success is defined when the ground truth class
is within the top-K probabilities of the predicted frame’s
classification from 50 randomly selected classes, including
the ground truth. This test is repeated 100 times to calculate
an average success rate. For video-based metrics, a similar
classification approach is used with a video classifier based
on VideoMAE (Tong et al. 2022), trained on the Kinetics-
400 dataset (Kay et al. 2017) for action classification across
400 categories, covering various motions and human inter-
actions. We compare our methodology with prior works us-
ing these metrics, including studies from Chen, Qing, and
Zhou (2023), Wen et al. (2018), Wang et al. (2022), and Ku-
pershmidt et al. (2022), citing their results directly from the
SOTA report by Chen, Qing, and Zhou (2023) for fair eval-
uation.

Dataset
We utilize a publicly accessible fMRI-video dataset (Wen
et al. 2018) that contains fMRI recordings from three par-
ticipants alongside corresponding video stimuli. These data
were acquired using a 3T MRI scanner, with a repetition
time of 2 seconds. The training set consists of 18 distinct
video clips, each lasting 8 minutes, totaling approximately
2.4 hours and producing 4,320 paired training instances.
The test set includes five 8-minute video clips, collectively
lasting 40 minutes and producing 1,200 test fMRI samples.
Each video is presented at 30 FPS and spans a broad range
of subjects, including animals, humans, and natural land-
scapes. The semantic categories do not fully match between
the training and test sets, with an overlap of 0.56 assessed
using the intersection set/union set metric. We allocate 20%
of the training data for validation. For consistency with the
reported state-of-the-art approach (Chen, Qing, and Zhou
2023), we reduce the original frame rate to 3 FPS and se-
lect a window size of 2, resulting in each fMRI frame corre-
sponding to six video frames. With this configuration, each
fMRI sample can be used to reconstruct a 2-second video
segment, and this approach can be extended to longer se-
quences depending on available GPU memory.

Implementation Details
In the first phase, we use a Vision Transformer (ViT)-based
fMRI encoder pre-trained on large-scale fMRI data (Sun
et al. 2023). The encoder is initially pre-trained with a mask

ratio of 0.75 and a patch size of 16, across 24 layers, and
embedding dimension of 1024. It also includes a projection
head transforming token embeddings into a 77×768 dimen-
sionality. The subject embedding is in dimension 512 and
the subject masker is a 1-layer Vit encoder with the nearly
same setup as in the fMRI encoder. In the second phase,
we employ Stable Diffusion V1-5 (Rombach et al. 2022),
fine-tuned to process videos at 256x256 resolution and 3
FPS frame rate. This involves modifying spatial attention,
cross-attention, and introducing a temporal layer. Training
involves 1000 steps with a learning rate of 2 × 10−5 and
batch size of 14. Post-training, the text encoder of the video
diffusion model is replaced with our fMRI encoder. Further
fine-tuning is carried out for spatial self-attention, visual-
fMRI cross-attention, and temporal attention, using a learn-
ing rate of 2× 10−5 and a batch size of 24 on a single A100
GPU.

0

0.05

0.1

0.15

0.2

0.25

Subject1 Subject 2 Subject 3
Ours Chen Kupershmidt Wang

[a]

0 0.05 0.1 0.15 0.2 0.25

Video 50-way-top-1

Image 50-way-top-1

Chen Ours

[b]

Figure 2: Comparisons of Structural Similarity Index Mea-
sure (SSIM) Scores and 50-way-top-1 Image/Video Classi-
fication Accuracy. [a] Comparing the SSIM scores of our
method with other three benchmarks on Subject 1, 2 and 3.
[b] Comparing our method’s 50-way Image and Video Clas-
sification Accuracy with previous SOTA model on Subject
1.

Results
Video Reconstruction Performance
In this section, we first compare our methodology with
baselines focusing on Structural Similarity Index Measure
(SSIM) scores and classification accuracy. We first discuss
the results of subject-wise decoding to compare with previ-
ous work. Our SSIM results, shown in Figure 2 [a], indicate
our method sets a new state-of-the-art (SOTA) with scores
of 0.225, 0.224, and 0.211 for Subject 1, 2, and 3. Specifi-
cally, our method surpasses the previous ( Chen, Qing, and
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Figure 3: Comparison of the decoded results considering our
framework NeuralFlix and baselines.

Zhou (2023)) by a significant margin of 20.97% in Sub-
ject 1, 31.00% in Subject 2 and 12.30% in Subject 3. (You
may refer to hyperparamter settings in Table 1’s experiment
10 for reproduction of Subject 1’s decoding performance.)
Figure 2 [b] further shows that our method achieves supe-
rior accuracy in both 50-way Image and Video Classification
Accuracy.

Qualitative comparisons in Figure 3 show that, unlike
other models that yield blurry or unrecognizable outputs, our
method and Chen, Qing, and Zhou (2023)’s approach pro-
duce high-quality, semantically accurate videos. A detailed
comparison with the previous SOTA method (Chen, Qing,
and Zhou (2023)) in Figure 5 reveals our superior semantic
alignment with ground truth videos. For instance, where our
method accurately generates a video of a swimming turtle,
Chen, Qing, and Zhou (2023)’s output shows a group of fish.
The versatility of our model is further demonstrated in Fig-
ure 4 which shows our model’s reconstructed results on all
subjects, where it consistently decodes high-quality, seman-
tically accurate videos from different subjects. We present
more video frames generated by our model as compared
with ground-truth in the Figure 6.

Ablation Study
In this subsection, we conduct an ablation study on the val-
idation set to evaluate the impact of each model component
and the significance of hyperparameters on video decoding
performance.

Spatial and Temporal Augmentation: The ratios for
spatial masking and temporal interpolation modify fMRI to-
ken vectors to create augmented samples. As shown in ex-
periments [0-3] in Table 1, spatial augmentation notably im-
proves decoding, with a spatial mask ratio of 0.2 yielding the
best results. However, excessive masking reduces the SSIM
of reconstructed samples, indicating the need for a balanced
approach to leverage fMRI’s spatial redundancy effectively.
Similarly, a temporal interpolation ratio of 1/3 enhances per-
formance without the negative effects seen with higher ra-
tios.

GT

Subject 1

Subject 2

Subject 3

GT

Subject 1

Subject 2

Subject 3

Figure 4: Decoded results of our framework NeuralFlix from
all three subjects in the dataset.

Augmentation Loss Weight: The augmentation loss
weights influence their contribution to optimizing the fMRI
encoder. Experiments [1, 5-7] in Table 1 show that balanc-
ing augmentation loss between spatial and temporal aspects
improves performance, with both weights set to 1 achiev-
ing the highest SSIM. This underscores the importance of
equally capturing spatial and temporal features of fMRI data
for accurate video decoding.

Dependent Noise Ratio: Introducing dependent noise ad-
dresses inherent fMRI noise, improving video decoding as
demonstrated in experiments [1, 8-10] in Table 1. Our hy-
pothesis that dependent noise as a prior enhances video re-
construction with Diffusion Models is supported. However,
increasing the noise ratio (

√
β) too much negatively impacts

performance, as it causes frames to become overly similar,
leading to static-like videos with insufficient variation.

Reliance on Diffusion Model Priors: To determine
whether our model decodes video dynamics from fMRI se-
quences rather than relying solely on diffusion model pri-
ors, we re-ran the pipeline using time-averaged brain signals
(results not shown in Table 1). This led to a significant per-
formance drop, with 50-way-top-1 video classification accu-
racy on Subject 2 decreasing from 0.187 ± 0.015 to 0.157 ±
0.013, and on Subject 3 from 0.195 ± 0.014 to 0.158 ± 0.012.
Time-averaging inhibits the model’s ability to predict mo-
tion by using temporal changes in brain signals, confirming
that our model’s dynamic predictions rely on brain signals
rather than diffusion model priors. This also validates the
effectiveness of our metrics in assessing video dynamics.

Conclusion
In conclusion, this study introduces a novel dual-phase
framework for decoding high-quality videos from fMRI
data, effectively tackling challenges like spatial redundancy
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Ablated 
Parameter ID Spatial Mask 

Ratio (𝜸𝒔𝒑𝒂)
Temporal 

Interpolation Ratio 
(𝜸𝒕𝒆𝒎)

Spatial Loss 
Weight (𝝁𝒔𝒑𝒂)

Temporal Loss 
Weight
(𝝁𝒕𝒆𝒎)

Dependent 
Noise Use

Dependent 
Noise Ratio (𝛃) SSIM

Spatial Mask 
Ratio

0 \ \ \ \ \ \ 0.171

1 0.2 1/3 1 1 No \ 0.204

2 0.4 1/3 1 1 No \ 0.184

3 0.6 1/3 1 1 No \ 0.184

Temporal 
Jittering Ratio

1 0.2 1/3 1 1 No \ 0.204

4 0.2 1/2 1 1 No \ 0.186

Spatial and 
Temporal Loss 

Weight

1 0.2 1/3 1 1 No \ 0.204

5 0.2 1/3 0.5 0.5 No \ 0.191

6 0.2 1/3 0.25 0.75 No \ 0.186

7 0.2 1/3 0.75 0.25 No \ 0.185

Dependent 
Noise Ratio

1 0.2 1/3 1 1 No \ 0.204

8 0.2 1/3 1 1 Yes 0.25 0.242

9 0.2 1/3 1 1 Yes 0.5 0.230

10 0.2 1/3 1 1 Yes 0.75 0.225

Table 1: Ablation study about NeuralFlix’s important hyperparameters’ effects on final video decoding performance measured
by SSIM, including spatial mask ratio, temporal interpolation ratio, spatial loss weight, temporal loss weight, using of dependent
noise and dependent noise ratio.

Neural
Flix

(Ours)

GT

Chen,
2023

GT

Chen,
2023

Neural
Flix

(Ours)

Figure 5: Additional comparisons of decoded results be-
tween our method NeuralFlix and the previous state-of-the-
art (SOTA) model.

and temporal lags in fMRI signals. Our method, which com-
bines spatial-temporal contrastive learning with an enhanced
video diffusion model, shows notable improvements over
existing models in both SSIM and semantic accuracy.The
empirical results, benchmarked against prior works, demon-
strate the efficacy of our approach. This research not only
advances the the technique of neural decoding but also ex-
plores new avenues for exploration in neural imaging and
cognitive neuroscience, with potential applications in un-
derstanding human cognition and developing assistive tech-
nologies for people with disabilities.

Figure 6: Additional comparisons of decoded results of our
method NeuralFlix (right) to the ground-truth (left).
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