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Abstract

In this supplementary material, we provide the details
of network structure, comparison of different algorithms’
adaptability and full original results of both simulation and
real experiments (in the .Zip file).

1. Details of Network Design

Assume z to be the input feature of each phase. x is
first fed into 3D convolutional layers for feature extrac-
tion (downsampling). Before the BDA and DSA module,
we both conduct the operation of LayerNorm. Unlike
MaxViT[2] applying a standard MLP network after calcu-
lating the attention, we feed the output feature in to the FF
module. Finally the Feature up sample block restores the
same resolution as input. To upsample the feature map,
ConvTranspose3D in conducted. There are four 3D conv
layers in the feature extraction part. The corresponding ker-
nel sizesare 5x5x5,3x3x3,1x1x1,and 3x3x3. There
are one 3D convTranspose layer and three 3D conv layers in
the decoder part for upsampling. The corresponding kernel
sizesare 1 x 3 x 3,3 x3x3,1x1x1,and3 x 3 x 3.
We employ 3D-CNN layers To extract the feature map of
uncertainty. All source code required for conducting and
analyzing the experiments will be made publicly available
upon publication of the paper.

2. Ablation Study and Experimental Results

Ablation Study: In the paper, to test the efficiency of each
module, we directly remove each part of the module sepa-
rately. However, we should not ignore the effect brought by
the reduction of parameter count. As shown in Tab. S1, the
parameter count of FF is the largest among the three parts
of CMT. Hence it brings the most obvious drop.

Experimental Results: As shown in Tab. S2, all previous
learning-based SOTA algorithms can not be adapted to dif-

BDA DSA FF Parameter Flops
X v v 55M 4389G
v X v 55M 4389G
v v X 19M 2050G

Table S1. Computational complexity of different models.

Algorithms Trained mask New mask 1 New mask 2
Ours 36.520.985  36.510.985 36.53 0.985
DUN-3DUnet 35320968  31.580.934  31.750.935
BIRNAT 33310951  23.130.730  23.100.730
RevSCI 33920956  18.990.537 18.93 0.535

Table S2. Quantitative comparison with different masks.

ferent masks directly. Though MetaSCI claims that it can
adapt to different masks, it still needs additional training.
The adaptability of the algorithm greatly promotes the ap-
plication of the algorithm in practical scenarios.

The measurements and all frames of the real data Water
Balloon and Domino are shown in Fig. S1 and Fig. S2. We
reconstruct multiple frames from the single measurement
and achieve cleaner background, sharper edges, and more
detail information.

3. Model for Color Video SCI

Compared to the grayscale model, the color model shares
almost the same architecture. However, since the captured
measurement of color video SCI system is a Bayer mo-
saicked measurement, we do not fuse the RF and uncer-
tainty map into the model to avoid the unknown adverse
factors. Different from previous methods such as [I, 3]
which divide the measurement into four individual parts
corresponding to the Bayer-filter, our proposed model di-
rectly takes the entire Bayer measurement as input and out-
puts the desired color videos at each stage. In addition, the
output of the first stage is sent to the Bayer filter again be-
fore being fed into the next projection.
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Figure S1. All reconstruction frames of Domino. Zoom in for
better view.
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Figure S2. All reconstruction frames of Water Balloon. Zoom in
for better view.
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