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Abstract

The rapid and accurate direct multi-frame interpolation
method for Digital Subtraction Angiography (DSA) images
is crucial for reducing radiation and providing real-time assis-
tance to physicians for precise diagnostics and treatment. DSA
images contain complex vascular structures and various mo-
tions. Applying natural scene Video Frame Interpolation (VFI)
methods results in motion artifacts, structural dissipation, and
blurriness. Recently, MoSt-DSA has specifically addressed
these issues for the first time and achieved SOTA results. How-
ever, MoSt-DSA’s focus on real-time performance leads to
insufficient suppression of high-frequency noise and incom-
plete filtering of low-frequency noise in the generated images.
To address these issues within the same computational time
scale, we propose GaraMoSt. Specifically, we optimize the
network pipeline with a parallel design and propose a module
named MG-MSFE. MG-MSFE extracts frame-relative motion
and structural features at various granularities in a fully con-
volutional parallel manner and supports independent, flexible
adjustment of context-aware granularity at different scales,
thus enhancing computational efficiency and accuracy. Ex-
tensive experiments demonstrate that GaraMoSt achieves the
SOTA performance in accuracy, robustness, visual effects, and
noise suppression, comprehensively surpassing MoSt-DSA
and other natural scene VFI methods.

Code — https://github.com/ZyoungXu/GaraMoSt

Introduction
4D Digital Subtraction Angiography (DSA) is an advanced
medical imaging technology critical for diagnosing and treat-
ing various vascular diseases, including in the brain and heart
(2022). It is widely utilized in hospital interventional surg-
eries. DSA operates by injecting a contrast agent, usually
iodine-based, into the patient’s body, then capturing images
from different angles in space at a fixed rotational speed,
alongside the dynamic blood flow changes over time (2024).
Due to the radiative nature of the imaging environment, the
radiation dose received by patients and physicians is directly
proportional to the image count, posing a threat to health.

Decreasing the number of images through frame interpo-
lation is a straightforward and effective method to reduce

*Corresponding Author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Interpolating 1(   ), 2(   ), 3(   ) frames

MoSt-DSA

GaraMoSt

MoSt-DSA-ℒ1

GaraMoSt-𝓛𝟏

EMA-VFI

SoftSplat-ℒ𝐹

FILM-ℒ1

FILM-ℒ𝑠𝑡𝑦𝑙𝑒

Figure 1: SSIM-Time comparison of various methods for in-
terpolating 1 to 3 frames. Our GaraMoSt-L1 achieves SOTA
accuracy, while time cost is almost the same as MoSt-DSA.
Details in Table 1,2,3.

radiation. However, simply achieving interpolation is insuffi-
cient for practical application; the interpolated images must
be accurate to assist in diagnostics effectively, and the time
cost must be low to aid surgeries in real-time and save valu-
able patient time. Due to data scarcity and cross-disciplinary
complexities, these issues received little attention and lacked
targeted solutions. Only recently, MoSt-DSA (2024a) was the
first to address these issues by proposing a direct multi-frame
interpolation (MFI) method. MFI is a video frame interpola-
tion (VFI) task and a significant research topic in computer
vision (2023; 2018; 2023; 2024). Conventional MFI methods
using recursion are time-consuming and unsuitable for real-
time support (2022; 2020; 2021). In contrast, MoSt-DSA’s
direct MFI method extracts general motion and structural fea-
tures, maps them at different time steps, and directly infers
any number of frames in once forward computation, achiev-
ing state-of-the-art (SOTA) performance in terms of image
quality, robustness, inference time, and computational cost.

The core of the direct MFI method is the precise extrac-
tion of motion and structural features (2023). Existing VFI
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Figure 2: Qualitative and quantitative comparison of GaraMoSt vs. MoSt-DSA. (a) Qualitatively, MoSt-DSA shows insufficient
suppression of high and low frequency noise, whereas GaraMoSt significantly improves these issues. (b) Quantitatively, GaraMoSt
enhances noise suppression, with notable reductions in the first quartile, median, third quartile, and upper adjacent of the noise
distribution. Additionally, the reduction in width demonstrates a decrease in noise quantity.

methods, typically designed for natural scenes, inadequately
extract motion and structural features of DSA images or do so
at a coarse granularity. Common approaches are categorized
into three types, see Figure 3 (a), (b), (c): (a) blending motion
and structural feature extraction in a single module, lead-
ing to ambiguity in both features (2023; 2022; 2022; 2019;
2021); (b) sequentially extracting structural features of each
frame and inter-frame motion features in multiple modules,
although clearly defining motion features, lack correspon-
dence in inter-frame structure (2023; 2023; 2023; 2022; 2022;
2018; 2021; 2022; 2021; 2019; 2020); (c) simultaneously ex-
tracting relative motion and structural features in a single
module, but due to the coarse granularity of context, it fails to
adapt to the fine-grained, complex structures of DSA images
(2023). Ultimately, these methods produce motion artifacts,
structural dissipation, and blurring issues defined by MoSt-
DSA (2024a). MoSt-DSA introduced a fine-grained context
interaction module for simultaneously extracting motion and
structural features that enable flexible adjustment of context
granularity, significantly improving these issues, as shown
in Figure 3 (d). However, MoSt-DSA focuses on real-time
performance, and although the feature granularity is flexible,
the feature sampling scale is limited, leading to insufficient
suppression of high-frequency (HF) and low-frequency (LF)
noise. As illustrated in Figure 2, MoSt-DSA’s inference resid-
uals primarily concentrate on the edges of the tiny blood
vessels (HF noise), as well as the sparse background of the
vessels and areas with consistent pixel (LF noise).

In summary, a significant challenge is how to further en-

hance the suppression of HF and LF noise in interpolated
images while maintaining low time costs, thereby assisting
physicians in more accurate real-time diagnostics and treat-
ment. To address this challenge, we introduce GaraMoSt.
Unlike conventional approaches that increase network depth
via serial connections for deeper downsampling (2023; 2020),
our method optimizes the network pipeline with a parallel
design, using a wider network width to achieve deeper down-
sampling, maintaining inference time at the same level as
MoSt-DSA. Specifically, we first obtain four different scales
of features through sequential convolution and downsam-
pling; second, we apply multi-scale dilated convolutions for
cross-scale fusion, merging features from layers 1-3 and 2-4
to form two different scales of fused features (1/8 and 1/16);
third, we introduce a module named MG-MSFE that extracts
relative motion and structural features at various granularities
in a fully convolutional parallel manner, enabling flexible ad-
justment of context-aware granularity across various scales,
and transforming optimal context into linear functions, mov-
ing away from reliance on expensive attention maps, thereby
enhancing computational efficiency and accuracy, as depicted
in Figure 3 (e); finally, combining different time steps t and
the two scales of motion and structural features, we predict
dual-layer flows and masks and refine them using a simplified
UNet (2015) to produce the final intermediate frame It.

In conclusion, our work makes the following contributions:
(1) We introduce GaraMoSt. Compared to MoSt-DSA,

GaraMoSt further enhances the suppression of HF and LF
noise in interpolated images, with inference time maintained
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Figure 3: Illustration of our proposed parallel multi-granularity extraction and other methods of extracting motion and structural
features. The approach proposed by our GaraMoSt is shown in (e). Notably, "simultaneous" should not be confused with
"parallel". While (c) and (d) achieve simultaneous output of motion and structural features outside the module, the internal
computation process is still highly sequential.

at the same level (for interpolating 3 frames, only increasing
by 0.005s), enabling real-time assistance for more precise
diagnostic and therapeutic procedures by physicians.

(2) We propose a module named MG-MSFE that extracts
frame-relative motion and structural features at various gran-
ularities in a fully convolutional parallel manner, support-
ing independent and flexible adjustment of context-aware
granularity across various scales, and transforming optimal
context into linear functions, moving away from reliance on
expensive attention maps, thereby improving computational
efficiency and accuracy.

(3) Extensive experiments demonstrate that GaraMoSt
achieves SOTA performance in accuracy, robustness, visual
effects, and noise suppression, comprehensively surpassing
MoSt-DSA and other natural scene VFI methods.

Related Work
DSA frame interpolation. Characteristics of DSA Images:
(1) Filled with microscopic vessels, the fine-grained structure
and motion complexity are much higher than in macroscopic
natural images; (2) Composed of numerous tiny vessels,
whereas natural images are usually composed of countable
large instances (e.g., people, cars); (3) Sufficient structural
features can usually be obtained with less downsampling;
(4) Background pixels are highly similar and uniform. As
described in Intro, MoSt-DSA is the first real-time solution
but has insufficient suppression of HF and LF noise.

Method
Improvements Overview. The pipeline improvements of
GaraMoSt over MoSt-DSA include: Feature Extraction:
Added a parallel 1/8 scale feature downsampling for both
I0 and I1. Cross-Scale Feature Fusion: Added a parallel
fusion path (Path 1) for 1/2, 1/4, and 1/8 scale features in

both I0 and I1. Path 1 runs parallel to Path 2, which fuses 1/1,
1/2, and 1/4 scale features. Motion and Structural Feature
Extraction: Added parallel extraction of relative motion and
structural features from Path 1, alongside extraction from
Path 2. Moreover, different granularities are adopted for Path
1 and Path 2. Flow and Mask Prediction: Modified to predict
dual-layer flow and mask, with the output as the sum of both
layers. Refiner: Incorporated relative structural features from
Path 2 into the lowest-level feature concatenation.

Multi-Granularity Motion-Structure Feature
Extractor (MG-MSFE)
As outlined in the introduction, DSA frame interpolation
faces challenges in enhancing noise suppression while main-
taining low time costs, crucial for accurate real-time diag-
nostics and treatment. To address this, deepening the feature
extraction downsampling is effective but traditional methods
(2021; 2022; 2020; 2023) via serial feature extractor con-
nections are too slow for real-time use. Furthermore, DSA
interpolation requires both structural and motion features rich
in geometric details. Since deeper layers often lose geometric
precision for abstract semantics, using these layers for feature
computation and refinement may degrade performance, as our
ablation study shows. Hence, we introduce MG-MSFE, paral-
lel extracting multi-granularity relative motion and structural
features in shallow layers, enhancing accuracy and reducing
noise effectively without sacrificing speed.

Module design and calculation. The complete structure
of MG-MSFE is shown in Figure 4. The input consists of
four feature sets: I0

0 and I0
1 are the cross-scale fusion fea-

tures of I0 and I1 from the 1-3 layers in Multi-Scale Feature
Extractor, and I1

0 and I1
1 are from the 2-4 layers. After en-

coding these features with Multi-Granularity MoSt Attention,
we obtain two different scale motion features, M0 and M

′

0
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for I0 relative to I1, and M1 and M
′

1 for I1 relative to I0.
Simultaneously, Multi-Granularity MoSt Attention encodes
the enhanced inter-frame structural features. These initial
structural features then pass through residual connections,
layer norm, and MLP to obtain the final structural features:
S0, S

′

0 for I0 relative to I1 and S1, S
′

1 for I1 relative to I0.
The sizes of M0 and M1 match those of S0 and S1, while
the sizes of M

′

0 and M
′

1 match those of S
′

0 and S
′

1.

The calculation process of Multi-Granularity MoSt Atten-
tion is shown in Figure 5. In the left image pyramid, yellow
and blue blocks represent the cross-scale fusion features of
I0 and I1 respectively. Different scales correspond to s val-
ues of 1 or 2. First, we employ a Lambda Layer (2021) to
simulate content-based and position-based contextual interac-
tions in a fully convolutional manner. Specifically, we denote
the depths of the query and value as |k| and |v|, respectively,

and the position information as P s
0 ∈ R|n|×d (each pixel

corresponds to a value between [-1.0, 1.0], increasing along
rows or columns across different channels). Second, we per-
form parallel relative attention calculations on the cross-scale
fusion features Is

0 ∈ R|n|×d and Is
1 ∈ R|n|×d for scale s.

Mathematically, the calculation of Is
0 relative to Is

1 is as
follows, and the calculation of Is

1 relative to Is
0 is similar:


Qs

0 = Is
0WQs

0
∈ R|n|×|k|

Ks
0 = Is

1WKs
0
∈ R|n|×|k|

V s
0 = Is

1WV s
0
∈ R|n|×|v|

. (1)

Then we represent relative position embeddings as Es
0 ∈

R|n|×|k| (hyperparameters of a 3D-Conv). By normalizing
the keys, we obtain K̄s

0 = softmax(Ks
0 , axis = n). Next,

we compute the content-based contextual interactions λs
c0
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Figure 6: Using various granularities in Lambda for feature
extraction across scales: for regions at similar positions across
scales, Lambda1 and Lambda2 summarize different context
within different scope r (i.e., granularity) into a fixed-size
linear function (i.e., a matrix) applied to the corresponding
query, thus bypassing the need for memory-intensive atten-
tion maps while maintaining flexibility.

and position-based contextual interactions λs
p0

, as:{
λs
c0 = K̄s

0
T
V s
0 ∈ R|k|×|v|

λs
p0

= Es
0
TV s

0 ∈ R|k|×|v| . (2)

Finally, by applying contextual interactions to the queries
as well as P s

0 , we obtain the general multi-granularity motion
and structural features. Specifically, when s takes values of 1
and 2, we obtain S0 and M0, and S

′

0 and M
′

0, as:

{
S0 = Q1

0

(
λ1
c0 + λ1

p0

)
,S

′

0 = Q2
0

(
λ2
c0 + λ2

p0

)
M0 = P 1

0

(
λ1
c0 + λ1

p0

)
,M

′

0 = P 2
0

(
λ2
c0 + λ2

p0

) . (3)

All these processes are similar for the calculation of Is
1

relative to Is
0 . In the actual code, we concatenate Is

0 and Is
1

along the channel dimension to enable parallel computation.
Figure 6 provides a detailed illustration of how to flexibly
extract features at different scales with varying granularities.

Parallel Extraction of General Multi-Granularity
Motion and Structural Features
Multi-Scale Feature Extractor (MSFE). We use MSFE
to obtain vascular features at four different scales. For I0
and I1, we first compute the first layer low-level features L0

0
and L0

1 using a 3x3 convolution followed by PReLU (2015).
Then, through downsampling and the same configuration, we
compute the second layer low-level features L1

0 and L1
1. Sim-

ilarly, we obtain the third and fourth layer low-level features
L2

0, L2
1 and L3

0, L3
1. Mathematically,{

L0
j = H (Ij) , L1

j = D
(
L0

j

)
L2

j = D
(
L1

j

)
, L3

j = D
(
L2

j

) , (4)

where H is a stack of convolution and activation functions,
and D represents the integration of H and downsampling
operations, with j being 0 or 1.

Cross-Scale Feature Cross Fusion (CSFCF). We use CS-
FCF to fuse vascular features. Specifically, we first use multi-
scale atrous convolution to fuse the 1-3 layer features and the
2-4 layer features from MSFE. For the i-th layer low-level
features Li

0 and Li
1, we use 2i−1 atrous convolutions (2017)

(fixed kernel size of 3, stride of 2i, and for the n-th atrous
convolution, padding/dilation is n). Mathematically,

F
(
Li

j

)
=

(
A1

(
Li

j

)
, . . . ,An

(
Li

j

))
, (5)

where F signifies feature fusion, A indicates atrous convo-
lution. The variable n, representing the number of A, takes
a value of 2i−1 (i equal to 0, 1, or 2). By merging the fused
features and applying a linear mapping, we obtain four differ-
ent cross-scale fusion features: I0

0 and I0
1 from the 1-3 layers,

and I1
0 and I1

1 from the 2-4 layers, as:{
I0
j = T

[
C
(
F

(
L0

j

)
,F

(
L1

j

)
,F

(
L2

j

))]
I1
j = T

[
C
(
F

(
L1

j

)
,F

(
L2

j

)
,F

(
L3

j

))] , (6)

where j being 0 or 1. T represents the linear mapping, and
C indicates the concatenation operation. Finally, we flatten
and normalize I0

j and I1
j , preparing them for subsequent

processing by MG-MSFE.
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Method
SSIM (%) PSNR Time (s)

Mean↑ STD↓ Mean↑ STD↓ 1 frame↓
ABME (2021) 94.02 2.28 39.83 3.39 0.383

FILM-L1 (2022) 94.11 2.37 39.86 3.43 0.201
EMA-small (2023) 94.19 2.21 40.07 3.47 0.027

EMA (2023) 94.33 2.13 40.13 3.40 0.056
MoSt-DSA-L1 (2024a) 94.62 2.12 40.32 3.35 0.024

GaraMoSt-L1† 95.05 1.89 40.69 3.29 0.029

SoftSplat-LF (2020) 91.78 3.07 38.59 3.51 0.035
FILM-LV GG (2022) 93.10 2.67 39.27 3.45 0.201
FILM-LStyle (2022) 93.05 2.72 39.25 3.48 0.201
MoSt-DSA (2024a) 93.65 2.61 39.55 3.45 0.024

GaraMoSt† 94.37 2.22 40.19 3.31 0.029

Table 1: Quantitative comparison with SOTA methods on
single-frame interpolation. Best scores for color losses in
blue, and for perceptually-sensitive losses in red. “†” obtained
by ourselves, the rest are copied from (2024a).

Parallel Decoding and Refinement for Generating
Multiple Frames
Time Mapping (TM). We use TM to map the general
multi-granularity motion features to the specified time steps
in parallel and concatenate them with the corresponding scale
general structural features as part of the input (α) to the DL-
FME. The other part of the input is β, which varies across
different scales. At higher scales, βh consists only of the
concatenation of I0 and I1, while at lower scales, βl includes
I0, I1, Ĩ0

t , and µ0
t . Here, µ0

t is the first layer mask calculated
by the DL-FME, and Ĩ0

t is the first layer flow-warped result
of I0 and I1 calculated by the DL-FME.

Dual-Layer Flow-Mask Estimator (DL-FME). As shown
in Figure 4, DL-FME (denoted by F) applies PixelShuffle
(2016) upsampling to α, and downsampling to β. Subse-
quently, α and β merge and undergo continuous convolution
operations, eventually generating bidirectional optical flow
ϕs

t and mask µs
t for the specific t through upsampling in

different layers, as:{
ϕ0

t ,µ
0
t = F

(
C
(
M0

0→t,M
0
1→t,S

0
0 ,S

0
1

)
, βh

)
ϕ1

t ,µ
1
t = F

(
C
(
M1

0→t,M
1
1→t,S

1
0 ,S

1
1

)
, βl

) . (7)

Next, we sum ϕt and µt across different layers, using the
summed ϕt to warp I0, I1, the low-level features Li

j , and
S

′

0 and S
′

1. For instance, for Xy
z , the result after warping is

denoted as X̃y
z . Subsequently, we concatenate I0, I1, Ĩ0, Ĩ1,

ϕt, and µt together, referred to as Ot for Refiner to process.

Refiner. Follow the design of MoSt-DSA, except incorpo-
rated S̃

′
0 and S̃

′
1 into the lowest-level feature concatenation.

Experiments
Model Configuration. For the best accuracy-time trade-
off, context-aware granularities (r) are [7, 7], [7, 29], [7, 29].
See the ablation study for proof.

Training Details. We followed the settings of MoSt-DSA
(2024a), except for the following differences. For interpolat-
ing 1 to 3 frames, we set the batch sizes to 10, 6, and 4, with
1000 warm-up steps. We use the AdamW (2017) optimizer

Method
SSIM (%) PSNR Time (s)

Mean↑ STD↓ Mean↑ STD↓ 2 frame↓
FILM-L1 (2022) 92.62 3.13 37.93 3.82 0.388

EMA-small (2023) 91.82 3.68 37.37 4.07 0.074
EMA (2023) 91.90 3.63 37.41 4.08 0.112

MoSt-DSA-L1 (2024a) 94.35 2.29 39.78 3.44 0.070
GaraMoSt-L1† 94.70 2.08 40.16 3.36 0.076

SoftSplat-LF (2020) 90.86 3.49 37.84 3.43 0.084
FILM-LV GG (2022) 91.42 3.42 37.47 3.67 0.388
FILM-LStyle (2022) 91.31 3.50 37.39 3.74 0.388
MoSt-DSA (2024a) 93.14 2.84 38.94 3.38 0.070

GaraMoSt† 94.01 2.42 39.66 3.37 0.076

Table 2: Quantitative comparison with SOTA methods on two
frames interpolation. Blue, red, † same to Table 1.

Method
SSIM (%) PSNR Time (s)

Mean↑ STD↓ Mean↑ STD↓ 3 frame↓
FILM-L1 (2022) 91.94 3.52 37.21 3.91 0.548

EMA-small (2023) 90.48 4.52 36.31 4.24 0.122
EMA (2023) 90.57 4.50 36.35 4.24 0.165

MoSt-DSA-L1 (2024a) 93.58 2.69 38.85 3.56 0.117
GaraMoSt-L1† 94.22 2.34 39.53 3.51 0.122

SoftSplat-LF (2020) 90.07 3.87 37.24 3.53 0.137
FILM-LV GG (2022) 90.63 3.83 36.75 3.74 0.548
FILM-LStyle (2022) 90.54 3.90 36.66 3.82 0.548
MoSt-DSA (2024a) 93.03 2.94 38.66 3.59 0.117

GaraMoSt† 93.49 2.71 39.06 3.48 0.122

Table 3: Quantitative comparison with SOTA methods on
three frames interpolation. Blue, red, † same to Table 1.

with β1 = 0.9, β2 = 0.999, and a weight decay of 6e − 5.
The learning rate is warmed up to 6e− 5 and then decays to
6e− 6 over 100 epochs following a cosine schedule (2016).

Comparison Details. For a fair comparison, we followed
MoSt-DSA’s settings, including trained two versions on their
DSA dataset: one (GaraMoSt-L1) using only the L1 loss,
which achieves higher test scores, and the other (GaraMoSt)
using the combined loss L (2024a), which benefits image
quality. MoSt-DSA’s dataset (2024a) contains 470 head
DSA image sequences (329 for training and 141 for test-
ing; 489*489 resolution) from 8 hospitals, which are made in
the data form of interpolating 1 to 3 frames. Our results are
fairly derived from a single NVIDIA RTX 3090 GPU.

Single-Frame Interpolation (SFI)
The quantitative evaluation results are shown in Table 1.
EMA is short for EMA-VFI (2023). Our method achieved
significant accuracy improvements whether compared with
methods using color losses or perceptually-sensitive losses.
Moreover, the substantial reduction in the STD of SSIM
(S.SSIM) demonstrates our model’s significant robustness
enhancement. Despite leading in accuracy, our inference
time is nearly identical to MoSt-DSA, with only a 0.005s
difference. Specifically, compared to methods using color
losses, GaraMoSt-L1 achieved a Mean of SSIM (M.SSIM)
of 95.05 (+0.33), an S.SSIM of 1.89 (-0.23), a Mean of PSNR
(M.PSNR) of 40.69 (+0.37), and a STD of PSNR (S.PSNR)
of 3.29 (-0.06). Compared to methods using perceptually-
sensitive losses, GaraMoSt performed even better, achieving
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Figure 7: Visual comparison for interpolating one frame: our GaraMoSt vs. other SOTA methods. The first and third rows
correspond to the green box in the "blend", while the second and fourth rows correspond to the blue box in the "blend". M stands
for motion artifact, S for structural dissipation, and B for blurring. The residual levels of our GaraMoSt are significantly lower
than those of all other methods. This demonstrates that we effectively suppressed noise and further improved issues related to
motion artifacts, structural dissipation, and blurring.

an M.SSIM of 94.37 (+0.72), an S.SSIM of 2.22 (-0.39),
an M.PSNR of 40.19 (+0.64), and an S.PSNR of 3.31 (-
0.14). Notably, the score differences in SSIM and PSNR
among SOTA VFI methods are minimal. For instance, on the
UCF101 (2012), the SOTA EMA-VFI surpasses the second-
best (2023) by only 0.01% in SSIM and 0.01 in PSNR, and
the third-best (2023) by 0.04% in SSIM and 0.01 in PSNR.
Thus, the superiority of our method is significant.

The qualitative comparison results are shown in Figure 7.
The residual levels of our GaraMoSt are significantly lower
than those of all other methods. This demonstrates that we
effectively suppressed noise and further improved issues re-
lated to motion blur, structural dissipation, and blurring.

Multi-Frame Interpolation (MFI)
The quantitative results for interpolating 2 and 3 frames are
presented in Table 2, 3. We continue to show significant
improvements in accuracy and robustness. The inference
time for interpolating 2 and 3 frames remains almost the
same as MoSt-DSA, with differences of 0.006s and 0.005s.
Notably, when interpolating 2 frames, our GaraMoSt achieves
an M.SSIM of 94.01 (+0.87), an S.SSIM of 2.42 (-0.42), and
an M.PSNR of 39.66 (+0.72). When interpolating 3 frames,
our GaraMoSt-L1 achieves an M.SSIM of 94.22 (+0.64), an
S.SSIM of 2.34 (-0.35), and an M.PSNR of 39.53 (+0.68).

Ablation Study
Impact of various context-aware granularity in SFI. As
shown in Supplementary Material’s Table 4 (2024b), for
the best accuracy-time trade-off, [7, 7], [15, 15], [7, 29], and
[15, 29] are the best 4 options, while [29, 15] is the worst.

Among various schemes, the time differences up to 0.016s,
M.SSIM differences up to 0.19, and S.SSIM differences up
to 0.07. This demonstrates the importance of choosing the
appropriate granularity.

Impact of various context-aware granularity in MFI.
We further compared the SFI’s best 4 options on MFI, as
shown in Supplementary Material’s Table 5 (2024b). The
results indicate that [7, 29] is more suitable for MFI.

Influence of structural features with different depths on
refinement. We upsampled S̃

′
0 and S̃

′
1 to match the size of

L̃3
0 and L̃3

1 and replaced L̃3
0 and L̃3

1 in the Refiner with the up-
sampled features, resulting in a decrease of 0.10 in M.SSIM,
and a decrease of 0.09 in M.PSNR. This indicates the impor-
tance of using shallow structural features for refinement. See
details in Supplementary Material’s Table 6 (2024b).

Conclusion
We proposed GaraMoSt, which further enhances HF and LF
noise suppression in interpolated images while maintaining
low time costs, enabling real-time assistance for more pre-
cise diagnostic and therapeutic procedures by physicians. In
particular, we devised a general module MG-MSFE that ef-
ficiently extracts relative motion and structural features at
various granularities in a fully convolutional parallel manner,
supporting independent and flexible adjustment of context-
aware granularity across various scales. Extensive experi-
ments show that our GaraMoSt achieves SOTA performance
in accuracy, robustness, visual effects, and noise suppression,
comprehensively surpassing MoSt-DSA and other natural
scene VFI methods.
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