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Abstract—In Always-on Video (AOV) systems, switching from
a low frame-rate (LFR) mode to a high frame-rate (HFR) mode
often leads to temporal discontinuities in video sequences. Exist-
ing video frame interpolation (VFI) methods are not specifically
designed for this scenario, and therefore tend to suffer from
information loss and blurred motion boundaries during frame-
rate transitions. To address these issues, this paper proposes
RIFE-AOV, an efficient real-time frame interpolation method
tailored for AOV applications. Built upon the RIFE framework,
RIFE-AOV targets the limitations of the optical flow estimation
network IFNet under frame-rate switching conditions by struc-
turally enhancing its core sub-module, IFBlock, with a Global
Directional Attention Mechanism (GDAM). Specifically, Global
Channel Attention (GCA) is employed to emphasize critical
motion features and alleviate information loss, while Directional
Spatial Attention (DSA) strengthens the modeling of motion
boundaries and structural directionality, thereby reducing motion
boundary blurring. Experiments conducted on the Vimeo90K
dataset demonstrate that RIFE-AOV achieves superior interpo-
lation performance in dynamic scenes, in terms of PSNR and
SSIM, compared with state-of-the-art real-time VFI methods,
while maintaining real-time efficiency. These results validate the
practical effectiveness of the proposed method for AOV systems.

Index Terms—Video Frame Interpolation, Always-on Video,
Optical Flow, Attention Mechanism, Real-Time Video Processing

I. INTRODUCTION

With the rapid development of the Internet of Things (IoT)
and intelligent surveillance technologies, network cameras
(IP cameras) have been widely deployed in public security,
intelligent transportation, smart cities, and smart home appli-
cations [1]. However, the continuous generation of high frame-
rate video streams from massive numbers of devices places
substantial pressure on network bandwidth and cloud storage
resources, resulting in high operational costs. Consequently,
low-power and high-efficiency intelligent video technologies
have become a major focus of industrial research, among
which Always-on Video (AOV) has emerged as a practical
solution.

AOQV allows cameras to operate in an ultra-low frame-rate
standby mode (e.g., 5 fps), while switching to full frame-rate
recording (e.g., 15 fps) only when specific targets, such as
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humans or vehicles, are detected. This event-driven mechanism
effectively reduces redundant data transmission and storage in
predominantly static scenes, making AOV particularly suitable
for large-scale and long-term surveillance scenarios.

Despite its advantages, AOV introduces a critical challenge
during the transition from low frame-rate (LFR) standby mode
to high frame-rate (HFR) recording mode. When an event is
triggered at time 7', the camera cannot immediately generate
temporally dense frames, and the initial period after activation
still relies on sparsely sampled inputs. This abrupt frame-rate
discontinuity leads to noticeable visual stuttering and motion
inconsistency during playback, potentially obscuring important
motion details and compromising evidential reliability.

Video Frame Interpolation (VFI), which synthesizes inter-
mediate frames between adjacent inputs to improve temporal
continuity, offers a feasible solution for alleviating low frame-
rate artifacts in AOV scenarios. Recently, deep learning-
based real-time VFI methods have made notable progress in
balancing visual quality and computational efficiency. Among
them, Real-time Intermediate Flow Estimation (RIFE) directly
estimates intermediate optical flow and employs mask-based
fusion, achieving a favorable trade-off between accuracy and
speed [2]. However, under AOV low frame-rate triggering con-
ditions, RIFE still faces two major limitations: (i) significant
information loss caused by large temporal gaps between input
frames, increasing motion uncertainty and leading to missing
details; and (ii) noticeable motion boundary blurring, where
fast-moving object edges are over-smoothed, resulting in struc-
tural degradation.

To address these challenges, we propose RIFE-AOV, an
enhanced real-time video frame interpolation method tailored
for AOV scenarios. Effective interpolation under frame-rate
switching requires strengthened motion representation under
large temporal gaps, accurate preservation of motion bound-
aries, and real-time efficiency on resource-constrained devices.
Guided by this insight, RIFE-AOV improves the feature mod-
eling capability of the optical flow estimation module IFNet
within the RIFE framework through lightweight yet effective
architectural adaptations.

The main contributions of this work are summarized as
follows:

¢« We propose RIFE-AOV, an enhanced real-time video

frame interpolation method tailored for Always-on Video



applications. By integrating AOV-aware feature modeling
strategies into the core IFBlock of the optical flow
estimation module IFNet within the RIFE framework, the
proposed method significantly improves visual continuity
immediately after event triggering.

o We introduce a lightweight Global Channel Attention
(GCA) mechanism. Based on Global Average Pooling
(GAP), GCA captures channel-wise motion statistics
and performs adaptive channel reweighting, strengthening
motion-relevant representations and mitigating intermedi-
ate frame detail loss.

e We propose a Directional Spatial Attention (DSA)
mechanism to explicitly model motion boundary ori-
entation using horizontally and vertically decomposed
convolutions. This design enhances sensitivity to regions
with strong spatial gradients, effectively reducing motion
boundary blurring and structural artifacts in interpolated
frames.

II. RELATED WORK

Video frame interpolation (VFI) aims to synthesize inter-
mediate frames between adjacent video frames to improve
temporal continuity [3]. Existing methods can be broadly
categorized into traditional model-based approaches and deep
learning-based approaches [4]. In recent years, real-time inter-
polation methods have also attracted increasing attention due
to their practical relevance in resource-constrained scenarios.
This section reviews representative work in these categories
and discusses their limitations in Always-on Video low frame-
rate triggering scenarios.

A. Traditional Video Frame Interpolation Methods

Traditional VFI methods typically follow a pipeline of
motion estimation and motion compensation. Early approaches
estimate pixel-wise optical flow between consecutive frames
and warp the input frames to synthesize intermediate re-
sults [5], [6]. Various extensions have been proposed to
improve robustness, including bidirectional flow estimation,
occlusion reasoning, confidence-aware blending, and regular-
ization strategies [7].

Despite their clear physical interpretability and relatively
low computational complexity, traditional methods are highly
sensitive to optical flow accuracy. In the presence of large mo-
tion displacement, complex occlusions, or illumination varia-
tions, flow estimation errors often lead to ghosting artifacts
and structural distortions. Moreover, their reliance on small
temporal gaps makes them ill-suited for handling the sparse
and discontinuous frame sampling commonly encountered in
AOV low frame-rate inputs.

B. Deep Learning-Based Video Frame Interpolation

With the advancement of deep learning, data-driven VFI
methods have substantially improved interpolation quality by
learning complex motion patterns directly from data. Repre-
sentative approaches such as Super SloMo [8], DAIN [9], and
SepConv [10] employ convolutional neural networks to jointly

estimate motion and synthesize intermediate frames. Subse-
quent works further enhance performance by incorporating
adaptive kernels, depth cues, context-aware synthesis, or de-
formable convolutions [11], [12]. More recently, transformer-
based and flow-free methods, including CAIN [13], VFI-
former [15], and AMT [16], have been proposed to capture
long-range dependencies and implicit motion representations.
In addition, large-scale pretraining and multi-frame interpola-
tion strategies have been explored to further improve recon-
struction fidelity [17].

To balance interpolation quality and efficiency, a series
of real-time deep learning-based VFI methods have been
proposed. Representative approaches such as Real-time In-
termediate Flow Estimation (RIFE) [2] directly predict in-
termediate optical flow and employ mask-based blending to
synthesize intermediate frames, avoiding costly multi-stage
refinement. Lightweight variants, including IFRNet [14] and
other efficient architectures [18], [19], further reduce latency
through architectural simplification. Recent studies have also
explored improving temporal consistency and robustness under
real-time constraints, for example by refining intermediate
features or introducing efficient attention mechanisms [20].

While these deep learning-based methods achieve impres-
sive performance on standard benchmarks with dense high
frame-rate inputs, their effectiveness degrades noticeably un-
der sparse sampling with large temporal gaps, as commonly
observed in Always-on Video scenarios. Furthermore, many
methods rely on heavy architectures and high computational
overhead, limiting their applicability in real-time or edge
deployments.

C. Limitations in AOV Low Frame-Rate Scenarios

AOV systems introduce a unique interpolation challenge
characterized by abrupt transitions from ultra-low frame-rate
standby mode to high frame-rate recording mode. During the
initial period after event triggering, available frames remain
sparse and discontinuous, violating the assumptions of most
existing VFI methods. Low frame-rate inputs exacerbate mo-
tion estimation errors, while fast-moving objects are prone to
boundary over-smoothing and structural degradation. Although
recent studies have explored robustness under large motion or
occlusion, VFI methods explicitly tailored for AOV low frame-
rate triggering scenarios remain largely unexplored.

Motivated by these observations, this work focuses on
enhancing the feature modeling capability of real-time optical
flow-based interpolation frameworks to better accommodate
AOV-specific constraints. By introducing lightweight attention
mechanisms into the optical flow estimation module, the
proposed method aims to mitigate information loss and motion
boundary blurring while preserving real-time performance.

III. METHOD

RIFE is a real-time video frame interpolation framework
that synthesizes intermediate frames by estimating interme-
diate motion and adaptively blending information from two
consecutive input frames. Its optical flow estimation network,



IFNet, adopts a cascaded refinement strategy to directly predict
intermediate bidirectional optical flows together with a blend-
ing mask, progressively refining motion representations in a
coarse-to-fine manner without explicitly estimating forward
and backward flows between input frames. The fundamental
building unit of IFNet is the IFBlock, a lightweight convolu-
tional refinement module, and multiple IFBlocks are stacked
to iteratively refine optical flow and mask predictions. In
this work, we focus on enhancing IFBlock to better handle
challenging motion patterns under large temporal gaps, while
preserving the overall efficiency of the RIFE framework.
An overview of the architecture and the proposed IFBlock
enhancement is presented in the following subsections.

A. RIFE Frame Interpolation Framework

RIFE performs end-to-end video frame interpolation with-
out explicit motion trajectory modeling. Given two consecutive
input frames Ip,I; € R¥*Wx3 TENet predicts intermediate
bidirectional optical flows Fo_,¢,F1; € R¥*W>2 and a
blending mask M € [0, 1]#*W_ The intermediate frame I,
is synthesized as

L =MoWI,Fo)+ (1-M)oWI,Fi,), (1)

where W(-) denotes the bilinear warping operator and ©
represents element-wise multiplication.

Within IFNet, the IFBlock serves as the core computational
unit. Each IFBlock takes frame features, current optical flow
estimates, and mask predictions as inputs, and outputs residual
updates for optical flow AF and blending mask AM via
convolutional feature extraction and residual learning.

B. Overall Design of IFBlock Enhancement

Although the original IFBlock in RIFE is carefully opti-
mized for real-time inference, its lightweight convolutional
design mainly relies on local feature aggregation. This limita-
tion becomes evident in AOV scenarios, where large temporal
gaps between sparsely sampled frames introduce large motion
displacement, occlusion, and ambiguous motion boundaries.
Consequently, interpolated frames often suffer from missing
fine details and blurred object edges, particularly in regions
with fast or complex motion.

To improve robustness under these conditions without sig-
nificantly increasing computational overhead, we enhance the
feature representation capability of IFBlock by introducing a
lightweight attention-based module that explicitly incorporates
global contextual modeling and directional spatial awareness.
This module enables IFBlock to selectively emphasize motion-
relevant channels while capturing spatial dependencies aligned
with dominant motion structures, thereby suppressing back-
ground noise and preserving sharp motion boundaries. We
term this plug-in enhancement as the Global and Directional
Attention Module (GDAM), which is integrated into IFBlock
while preserving the original cascaded refinement architecture
of IFNet and improving motion modeling capability under
AOV frame-rate switching scenarios.

The enhanced IFBlock inserts the proposed GDAM module
after the original downsampling convolution layers, as illus-
trated in Fig. 1.
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Fig. 1. The structure of IFBlock within IFNet. Left: IFNet stacks multiple
IFBlocks operating at different resolutions. Right: In each IFBlock, input
frames are backward-warped using the current flow estimate, then combined
with previous-stage outputs and the interpolation timestep to refine residual
flow and blending mask.

Inspired by the Global Attention Mechanism (GAM) [21],
GDAM is composed of two serial submodules: Global Channel
Attention (GCA) and Directional Spatial Attention (DSA),
which jointly enhance channel-wise discriminative information
and spatial directional awareness, as shown in Fig. 2.
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Fig. 2. The structure of GDAM.

C. Global Channel Attention (GCA)

1) Information Loss Analysis: In optical flow estimation,
different feature channels encode distinct visual cues such as
edges, textures, and motion patterns. Conventional convolution
operations aggregate channel information as

c
Y=Y W.xX,, )
c=1
where X denotes the c-th channel of the input feature map
and W represents the corresponding convolution kernel. This
implicit channel averaging ignores inter-channel importance
and may suppress motion-relevant features, resulting in miss-
ing fine details in interpolated frames.

2) GCA Modeling: In the cascaded refinement process
of IFBlock, the extracted feature channels encode diverse
information, including motion cues, appearance details, and
warped residuals. Under large temporal gaps and complex
motion patterns, which are common in AOV scenarios, these
channels contribute unequally to accurate intermediate flow
estimation. Uniformly treating all channels may introduce



redundant or noisy responses, thereby limiting detail preserva-
tion and motion boundary sharpness in the interpolated frames.

To address this limitation, we incorporate a GCA that
adaptively emphasizes informative feature channels while sup-
pressing less relevant ones. Such a design enables IFBlock
to focus on motion and structure sensitive representations, as
illustrated in Fig. 3.

Global Channel Attention

I~ TF-0~
GAP Conv(1x1) RelU Conv(1x1)  Sigmoid

Input Feature Channel Attention

Fig. 3. The structure of GCA.

Given an input feature map X € RE*7*W Global Average
Pooling (GAP) aggregates spatial information into a channel
descriptor:

| AW
ZCZW;;XC(Z,]), c=1,...,C. 3)

Two successive 1 x 1 convolutions are then applied to
capture nonlinear inter-channel dependencies:

S=0 (W2 1) (le)) 5 (4)

where W, € R$XC and W, € RCX$ are learnable
parameters, r is the channel reduction ratio, §(-) denotes the
ReLU activation, and o(-) denotes the Sigmoid function. The
channel-enhanced features are obtained via

XOA =5, - X,. (5)

3) Analysis: GCA adaptively estimates the contribution of
each channel to motion representation, suppressing redun-
dant channels while emphasizing motion- and edge-sensitive
features. Compared to fully connected channel modeling,
the GAP plus 1 x 1 convolution design introduces minimal
parameters and computational overhead, making it suitable for
real-time interpolation.

D. Directional Spatial Attention (DSA)

1) Motion Boundary Blur Analysis: Conventional spatial
attention mechanisms, such as those using isotropic 7 X 7
convolutions, tend to smooth high-frequency gradients:

V(Krx7 * X) = Krx7 x VX, (6)

which makes it difficult to preserve sharp motion boundaries.
However, motion boundaries are inherently directional, and
isotropic spatial attention often leads to boundary blurring and
ghosting artifacts.

2) DSA Modeling: In video frame interpolation, spatial
attention is critical for preserving motion boundaries and
structural continuity in the synthesized frames. In AOV sce-
narios with large temporal gaps, motion boundaries often
exhibit strong directional characteristics due to object displace-
ment and occlusion, making them difficult to model using
conventional isotropic spatial attention mechanisms. Treating

all spatial directions uniformly may blur motion edges and
weaken structural coherence in regions with complex or fast
motion.

To explicitly enhance directional sensitivity, we introduce
DSA to capture orientation-aware spatial dependencies within
feature maps. By modeling horizontal and vertical directional
responses separately, DSA enables IFBlock to emphasize
spatial locations that are highly correlated with motion edges
and structural transitions, as illustrated in Fig. 4.
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Fig. 4. The structure of DSA.

Given channel-enhanced features X, directional convo-
lutions are applied:

H=W, X% V=W,xX, (7

where W), is a 1 x 3 convolution kernel approximating the
horizontal gradient 9/dx, and W, is a 3 x 1 kernel approxi-
mating the vertical gradient 9/9y. The directional features are
fused as

S=H+V. (8)

A 1 x 1 convolution followed by a Sigmoid activation
generates the spatial attention map:

A =0 (fix1(6(9))). 9)
The final spatially weighted features are obtained by

XS54 =X @ A, (10)

3) Analysis: From image gradient theory, motion bound-
aries correspond to extrema of pixel intensity gradients:

on- () ()

By explicitly enhancing horizontal and vertical gradient re-
sponses, DSA assigns higher attention weights to motion
boundary regions, reducing cross-boundary feature mixing and
effectively alleviating motion boundary blur in interpolated
frames.

(1)

E. Summary

By integrating Global Channel Attention and Directional
Spatial Attention into IFBlock, the proposed RIFE-AOV
method effectively mitigates detail loss and motion boundary
blur in complex motion scenarios while maintaining real-
time efficiency. The enhanced IFBlock improves optical flow
estimation accuracy and leads to higher-quality intermediate
frame synthesis without introducing significant computational
overhead.



IV. EXPERIMENTS
A. Experimental Settings

All experiments were conducted on a server equipped with
four NVIDIA V100 GPUs. Model training and evaluation were
performed on the widely used Vimeo90K dataset [22], which is
specifically designed for video frame interpolation and related
video restoration tasks. Vimeo90K consists of high-quality
video clips collected from online videos and is organized into
short sequences containing consecutive frames. Following the
standard protocol, the dataset is divided into a training set and
a test set, where the training set contains 51,312 triplets for
model optimization, and the test set includes 3,782 triplets for
quantitative evaluation.

The network was trained for 200 epochs. To comprehen-
sively evaluate the quality of interpolated frames, Peak Signal-
to-Noise Ratio (PSNR) [23] and Structural Similarity Index
(SSIM) [24] were adopted as the primary quantitative metrics.
In addition, the per-frame inference time (Runtime) was re-
ported to measure computational efficiency. All quantitative
results are averaged over three independent runs to ensure
reliability.

B. Ablation Study

To verify the effectiveness of the proposed GDAM and its
two components, GCA and DSA, we conducted systematic
ablation experiments. The quantitative results are summarized
in Table L.

TABLE I
ABLATION STUDY RESULTS ON VIMEO90K

Model PSNR (dB) SSIM  Runtime (ms)
RIFE 35.43 0.977 16
RIFE + GCA 35.83 0.978 19
RIFE + DSA 35.61 0.980 20
RIFE + GDAM (RIFE-AOV) 35.88 0.980 22

The ablation results demonstrate that introducing the
GDAM attention mechanism into the baseline RIFE model
effectively improves interpolation quality in complex motion
scenarios. Specifically, incorporating the GCA module en-
hances channel-wise feature selection and increases PSNR by
0.40 dB (from 35.43 to 35.83), mainly improving pixel-level
reconstruction fidelity. In contrast, integrating the DSA module
improves SSIM by 0.003 (from 0.977 to 0.980), indicating
better structural consistency and sharper motion boundaries.

When GCA and DSA are combined to form the complete
GDAM module, the resulting RIFE-AOV model achieves the
best overall performance, reaching 35.88 dB in PSNR and
0.980 in SSIM. These results validate the complementary
nature of channel attention and directional spatial attention.
Although GDAM introduces an additional computational over-
head of approximately 6 ms, the improved interpolation quality
justifies this moderate increase in runtime.

C. Comparison with Other Methods

To further evaluate the overall effectiveness of the proposed
approach, RIFE-AOV is compared with several representative

real-time or near real-time video frame interpolation methods,
including CAIN [9], Super SloMo [8], SepConv [10], Ada-
CoF [25], EDSC [26], and the original RIFE. All methods
were evaluated under identical experimental settings. The
quantitative comparison is reported in Table II.

TABLE 11
COMPARISON WITH STATE-OF-THE-ART METHODS ON VIMEO90K

Model PSNR (dB) SSIM  Runtime (ms)
CAIN 34.65 0.973 38
Super SloMo 34.64 0.974 62
SepConv 33.79 0.970 51
AdaCoF 34.27 0.971 34
EDSC 34.84 0.975 46
RIFE 35.43 0.977 16
RIFE-AOV (Ours) 35.88 0.980 22

As shown in Table II, the proposed RIFE-AOV achieves
the best overall performance among all compared methods. In
terms of interpolation quality, RIFE-AOV significantly outper-
forms both traditional and learning-based baselines, including
the original RIFE, on PSNR and SSIM, demonstrating superior
reconstruction fidelity and structural preservation.

Regarding computational efficiency, RIFE-AOV requires
22 ms per frame, which is slightly slower than the original
RIFE (16 ms) but remains substantially faster than all other
compared methods, the fastest of which is CAIN at 38 ms per
frame. Overall, RIFE-AOV achieves a more favorable trade-off
between interpolation quality and inference speed, validating
the effectiveness of the proposed GDAM-based enhancements.

D. Experimental Results Analysis

Overall, the experimental results consistently demonstrate
the effectiveness of the proposed RIFE-AOV across both
accuracy-oriented and efficiency-oriented evaluations. From
the ablation study, it can be observed that the proposed
GDAM module provides stable and complementary improve-
ments, where channel-wise attention primarily enhances pixel-
level reconstruction accuracy, while directional spatial atten-
tion contributes more significantly to structural integrity and
motion boundary preservation. Their combination yields the
best overall performance with only moderate computational
overhead.

In comparison with existing state-of-the-art methods, RIFE-
AOQOV achieves a favorable balance between interpolation qual-
ity and inference speed. Although some methods adopt heavier
network architectures to improve reconstruction accuracy, they
suffer from substantially higher runtime, making them less
suitable for real-time deployment. In contrast, RIFE-AOV
maintains real-time performance while delivering superior
PSNR and SSIM, highlighting its practical advantages in
resource-constrained and latency-sensitive AOV scenarios.

These results indicate that explicitly enhancing optical flow
estimation with lightweight attention mechanisms is an effec-
tive strategy for addressing the frame rate discontinuity prob-
lem caused by low-frame-rate triggering, without sacrificing
computational efficiency.



V. CONCLUSIONS

This paper investigates the frame rate transition problem in
Always-on Video systems, where switching from low-frame-
rate standby mode to high-frame-rate recording introduces
severe temporal discontinuity. Such frame rate transitions often
lead to noticeable visual stuttering and motion detail loss at the
early stage of event-triggered recording. To address this issue,
we propose RIFE-AOV, an efficient real-time video frame
interpolation method specifically designed for AOV frame rate
switching scenarios.

Built upon the RIFE framework, RIFE-AOV enhances the
optical flow estimation network by introducing a lightweight
Global Directional Attention Mechanism into the core IF-
Block. By jointly modeling global channel-wise feature im-
portance and directional spatial structures, the proposed at-
tention mechanism improves motion representation continuity
and boundary modeling during frame rate transitions, while
maintaining low computational complexity suitable for real-
time deployment.

Extensive experimental results demonstrate that the pro-
posed method achieves a favorable balance between inter-
polation quality and inference efficiency under frame rate
transition conditions, making it well suited for practical AOV
applications. The results further indicate that targeted attention
enhancement within optical flow estimation is an effective
strategy for mitigating temporal artifacts caused by frame rate
switching in event-triggered video systems.
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