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Introduction

Visual stimulus fMRI signal Reconstructed video
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(1) Method: We propose Mind-Animator, which enables video reconstruction by decoupling semantic,
structural, and motion information from fMRI data for the first time.

(2) Interpretability: We use voxel-wise and ROI-wise visualization techniques to elucidate the
interpretability of our proposed model from a neurobiological perspective.

(3) Comprehensive evaluation: We introduce eight evaluation metrics that comprehensively assess
the reconstruction results of our model and all previous models across three dimensions—semantic,
structure, and spatiotemporal consistency—on three publicly available video-fMRI datasets. This
establishes our work as the first unified benchmark for subsequent researchers. We will release all
data and code to facilitate future research.



Motivation and Related works

Where is the object in the scenario, what is its size,
color, shape? (Low-level Structure Information)
-- A black figure on the edge of a yellow background. |%

What is this scenario? (High-level Semantic Information)
-- A soldier in a desert.

(a) Static image stumilus

— DNN noise

video generation model
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(¢) End-to-end models (d) Video generation model based

Existing Issues:

(1) Unable to accurately model semantic, structural, and motion features.

video

Where is the object in the scenario, what is its size,
color, shape? (Low-level Structure Information)
-- A black figure on the edge of a yellow background.

How the objects in the scene move? (Motion Information)
The figure moves from right to left in the movie.

-- A soldier is walking in a desert.

What is this scenario? (High-level Semantic Information

)
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(b) Dynamic video stumilus
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(e) Our model

Inflated image generation model

]‘ video

(2) External video data (e.g., motion priors learned by video generation models) interfere with the motion features in

the reconstructed video.



Methodology

Inference pipeline of Mind-Animator
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Results (reconstruction task)

Ground truth Reconstructed Ground truth Reconstructed Ground truth Reconstructed Ground truth Reconstructed Ground truth Reconstructed




Results (retrieval task)

Retrieved video
top-1 top-2 top-3 top-4 top-5 top-6 top-7 top-8 top-9 top-10

Dataset CeanL]
Subjetl Subjet2 Subjet3 Average
Model Testset  top-10  top-100  top-10  top-100  top-10  top-100  top-10  top-100
Wen (Wen et al. (2018)) Small 2.17, 19.50, 3.33. 19.17, 2.75, 19.33.
Kupershmidt (Kupershmidt et al. (2022))  Small 1.09, .57, 0.92, 8.24, (.84, 5.24, (.95, 8.30.
Mind-video (Chen et al. (2024)) small 322, 19.08, 2.75. 16.83, 3.58. 22.08, 3.138, 19.33.
T Ours ~ Small 308 2258 475 2690 450 2467 411 2472
Wen (Wen et al. (2018)) Large 1.41, 11.58,  2.08, 9.58, L.75,  10.58.
Kupershmidt (Kupershmidt et al. (2022)) Large  0.17, 2.94, 0.17, 2774 0.25. 2,18, 0.19, 2.63.
Mind-video (Chen et al. (2024)) Large  1.75, T175 0.83. 517, 1.25, 9.00, 1.28, folly




Interpretability

- Have we truly decoded motion information from fMRI?

Ground truth
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Repeating the aforementioned procedure 100 times, the P-value of the shuffle test can be estimated

as P = Zi‘i[; 9;/100

A lower P-value indicates a higher consistency between the reconstructed video frames and the ground truth before
shuffling.



Interpretability
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Interpretability

- Which brain regions are responsible for decoding different features, respectively?

: _-é‘.;T"
e =
i L e -,_&"‘. -
7 Vs S; //-‘ I.'.“.
PN 'I ‘.',. 3 b ; e
1 " 1 b y - i
/ W | PPA
A _‘ \ N % . .
j Darsal r " Dorsal A 2 |
s 1
\_f’":nler]m ..uterlnr \/ \\’J‘\—f‘ Anlerlnr Anterior .\__ﬂ \\ [ C Y Anterior .—I—.Anterinr =i b ,'
(£ T . ___'_,-"
g - \ entral \ entral Ventral
Mormalized weights for decoding semantic feature MNormalized weights for decoding structure feature Normalized weights for spatial-temporal attention
I ] N
0 1 0 1 0 1
(a) Semantic (b} Structure (c) Motion
LR LVl RVl -
A_MST ANZ L TPof1 -
B_MT s O OO s 00 ]
T v - F_ 3 -
o] L3 - LTR0) - ——
LV38 - A_TFO1 - — LT -
Avas - == . A_nT - A
Ui ——————————— v+ - L2 -
A_TP0)2 - L. 1 LV -
it F_MT - L ey
L2 - | L3 - —
v - e [ Se————
g | ey - ]
L4 - e i e -
v - . ] (0 =
Ay - ey ————— Lva
LT - B, ] L /27 - S
L] e, R ]
. ] LM T - 1L -
 ceeee——s T — e
000 00% 010 01% 020 025 0,30 0.00 0,05 010 0.1% 0,30 0.000 0.025 0,050 0,075 0.100 0125 0.150 0.175 0.200
weight propartion weight proportion

weight proportion
(a) Semantic (b} Structure () Motion



Ablation Study

Ground truth Reconstructed Without Semantic Without Structual Without Motion




Fail Cases

Case 1: Decoding errors in semantic, structural, or motion features due to low decoding accuracy.

Ground truth Reconstructed Ground truth Reconstructed Ground truth Reconstructed Ground truth Reconstructed

Case 2: The data acquisition paradigm causes abrupt content transitions at the boundaries of video clips, which are uniformly
segmented from the complete videos viewed by the subjects during data collection.

Ground truth Reconstructed Ground truth Reconstructed Ground truth Reconstructed Ground truth Reconstructed
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