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Figure 1: Our frame interpolation method features motion and image context encoder-decoder, outperforming state-of-the-art neural net-
work techniques, including IFRNet [KJL*22] and Mob-FGSR [YZZ*24], in preserving fine geometric and texture details.

Abstract
The demand for high frame rate rendering is rapidly increasing, especially in the graphics and gaming industries. Although
recent learning-based frame interpolation methods have demonstrated promising results, they have not yet achieved the quality
required for real-time gaming. High-quality frame interpolation is critical for rendering faster, dynamic motion during game-
play. In graphics, motion vectors are typically favored over optical flow due to their accuracy and efficiency in game engines.
However, motion vectors alone are insufficient for frame interpolation, as they lack bilateral motions for the target frame to
interpolate and struggle with capturing non-geometric movements. To address this, we propose a novel method that lever-
ages fast, low-cost motion vectors as guiding flows, integrating them into a task-specific intermediate flow estimation process.
Our approach employs a combined motion and image context encoder-decoder to produce more accurate intermediate bilateral
flows. As a result, our method significantly improves interpolation quality and achieves state-of-the-art performance in rendered
content.

CCS Concepts
• Computing methodologies → Image-based rendering;

1. Introduction

Significant progress has been made in rendering high quality com-
puter generated images, which are now widely used in movies,
animations, AR/VR applications, and video games. However, the
growing demand for photorealistic quality presents the challenge

of achieving real-time performance with high frame rates. Frame
interpolation methods, which involve quickly computing a subset
of additional in-between frames from an existing set of frames, can
greatly alleviate this computational burden. By reducing the num-
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ber of frames that need to be rendered, both rendering times and
costs are significantly decreased.

Recently, deep learning-based methods [Liu20; XNC*20;
BDM*21; BDO*23] have gained attention for achieving promising
results in rendered content. These techniques benefit from auxiliary
information readily available in the rendering pipeline. In particu-
lar, motion vectors, which provide precise values on relative move-
ments of an object point compared to the previous frame, have been
highly effective in addressing superresolution challenges, leading
to the development of commercial solutions like DLSS [Liu20],
AMD FSR, and Intel XeSS. This motion vector can be easily ap-
plied to frame generation like recent NVIDIA DLSS3 and AMD
FSR3, which are prominent commercial applications. However,
motion vectors lack non-geometric information, such as shadows,
lighting changes, particles, transparency and texture animations, all
of which are crucial for rendering frames. Additionally, due to the
nonlinear nature of motions and the numerous errors caused by oc-
clusions and disocclusions, directly employing motion vectors for
frame interpolation results in significant misalignments and errors,
making their use for frame interpolation ambiguous.

Recent studies have investigated optical flow estimation for
frame generation alongside the use of rendered motion vectors. In-
terpolation methods, such as learnable motion vectors [WZH*23],
NFI [BDM*21], and KBI [BDO*23], rely on estimated optical flow
or motion vectors to generate intermediate frames, assuming that
the motion vector for the target frame has already been rendered.
This approach enables the derivation of precise bilateral motion
vectors. However, this approach complicates the integration with
existing interfaces in current game engines and incurs significant
overhead, as it requires rendering an additional G-buffer for the
target frame to interpolate.

Meanwhile, Mob-FGSR [YZZ*24] streamlines the process by
utilizing only motion vectors from key frames as input, similar
to commercial solutions like DLSS3 [Liu20] and AMD FSR3,
enabling seamless integration with existing interfaces in current
game engines. The method refines these input motion vectors
into approximate bilateral flows, which are then enhanced using
heuristic inpainting and image synthesis methods. However, this
approach struggles with large motions and disocclusions, lead-
ing to increased errors in the estimated motion vectors and re-
quiring substantial inpainting. Furthermore, it fails to account for
non-geometric effects, instead blending them directly from key
frames—often resulting in visually blurry outputs.

Video Frame Interpolation (VFI) focuses on generating inter-
mediate frames from a pair of input frames. Among various ap-
proaches, flow-based methods have gained considerable traction
and shown impressive performance in recent works [HZH*22;
LWL*22; JSJ*18; KJL*22; LZH*23; RKT*22]. These methods
typically estimate optical flows between the input frames, warp
the frames and their contextual features accordingly, and then syn-
thesize the intermediate frame from the warped representations.
Consequently, the quality of the output frame is highly dependent
on the accuracy of the flow estimation. Most existing flow-based
VFI methods compute bilateral flows using pyramid-based archi-
tectures. While effective for moderate motion, the limited depth
of these pyramids constrains their receptive field, making it chal-

lenging to accurately capture large or complex motions. Further-
more, optical flow estimation often becomes unreliable when deal-
ing with rapid, large-scale movements or small, fast-moving ob-
jects—situations that are especially common in gaming environ-
ments. These limitations lead to instability and decreased reliability
of optical flow-based methods in real gaming environments, espe-
cially under dynamic camera movements and complex object inter-
actions.

To overcome these issues, we propose a novel approach that
refines approximate bilateral motion vectors by incorporating im-
age context, estimates intermediate residual flows, and synthesizes
frames by merging these flows. Our approach is not trivial. By
leveraging both motion vectors and image context, the network in-
telligently interprets the input approximate motion vectors, effec-
tively handling large motions and disocclusions while preserving
fine details from the initial coarse stage. Our ablation study further
demonstrates that naive combinations of motion vectors and resid-
ual flows are insufficient, emphasizing the value and effectiveness
of our proposed method.

Our design is based on the observation that the commonly used
UNet-like pyramid architecture [KJL*22] tends to accumulate er-
rors in its early coarse stages, especially when dealing with large
and complex motions. Intermediate flows generated solely by im-
age feature decoders are generally effective at handling small mo-
tions but often struggle with large motions, especially during the
early stages. On the other hand, precomputed approximated flows,
though rough, imprecise, and not explicitly task-oriented, can assist
in reasoning during the initial coarse stages and enhance the over-
all flow quality. To address these challenges, we propose a strat-
egy that incorporates motion priors, such as approximated motion
vectors for the target frame, as input and utilizes them from the
early stages of processing. Our approach has demonstrated high ef-
fectiveness in managing large motions and fast-moving small, thin
objects.

By analyzing and integrating these guiding flows with the pyra-
mid encoder, the network can better maintain the fidelity of motion
flows across different scales, thereby establishing a robust founda-
tion for subsequent refinement processes. This integration not only
improves the initial motion estimation but also ensures that the finer
details are preserved throughout the processing stages, leading to
more accurate and reliable outcomes. So the network can focus on
regions that are more efficient and accurate, enabling motion vector
and intermediate residual flows to work together synergistically.

With the proposed approach, our experiments demonstrate the
robust performance of our method on the public gaming scenes, no-
tably outperforming SOTA techniques in scenarios involving large
motions and dynamic small objects. We also show the versatility
of our approach by extending it to handle general flows alongside
motion vectors.

2. Related Works

2.1. Motion Vector-Based Approaches

Recently, demands for high quality games necessitates high-frame-
rate rendering, where motion vectors play a crucial role across most
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graphics applications. Approaches like TAAU [YLS20] and AMD
FSR employ heuristic techniques, utilizing handcrafted weights to
seamlessly integrate low-resolution jittered images with warped
high-resolution images from previous outputs, yielding high res-
olution results. Supersampling like DLSS 2.0 [Liu20] and Intel
XeSS, incorporating reprojection with motion vectors, have been
introduced and embraced within the industry. This approach in-
volves leveraging rendering outputs from the previous frame for
rendering the current frame, consequently significantly decreasing
the average rendering workload. Moreover, in [GFL*21], tempo-
ral oversampling is attained by utilizing the G-buffer as input and
conducting frame extrapolation. [ZLY*21] present a technique to
estimate motion vectors capable of tracking shadows and glossy
reflections in real-time. Learnable motion vectors [WZH*23], Ex-
traSS [WKZ*23], NFI [BDM*21], and KBI [BDO*23] leverage
motion vectors to produce intermediate frames, assuming that the
motion vector for the target frame has already been rendered. How-
ever, this method requires significant adaptation of the renderer in-
terfaces and add significant overhead of additional G-buffer render-
ing for the target frame. Recently, Mob-FGSR [YZZ*24] proposes
lightweight frame generation framework suitable for mobile real-
time rendering without the need of the motion vector for the target
frame. It share motion vector refinement based on splat with ours,
but they are not deep learning based approach and rely entirely on
motion vector and heuristic image synthesis method.

The rendering approaches mentioned above employ motion vec-
tors to warp previous or reconstructed frames onto the current
frame, with these vectors precisely defining geometric movements.
While utilizing estimated motion vectors seems to be the most
straightforward method for frame interpolation, the absence of the
precise bilateral motion vectors for frame interpolation is problem-
atic.

2.2. Video Frame Interpolation

Video Frame Interpolation represents an active area of research that
has greatly profited from advancements in deep learning, show-
ing notable interpolation results in recent studies. Due to the reli-
ability of optical flow, flow-based techniques have become promi-
nent in VFI [NL18; XSS*19; JSJ*18; PKLK20; NL20; KJL*22;
XCW*19; RKT*22] and rendering pipelines [BDM*21; BDO*23;
Liu20]. Previous methods using optical flow can be divided into
two categories. The first category involves a pretrained flow model
combined with an independent synthetic network [NL18; XSS*19;
JSJ*18; PKLK20; NL20]. In this approach, the pretrained flow
model estimates flows and synthesis images independently, demon-
strating promising results. However, the two-step pipeline can in-
deed overlook the disparity between true optical flow and task-
specific objectives [XCW*19; LYT*17], potentially resulting in
suboptimal performance for a given task. Our approach, while also
utilizing independently estimated flows, addresses this issue by em-
ploying them only as a form of guidance rather than as strict con-
straints. Notably, our model does not necessitate high-quality op-
tical flows; even fast and inexpensive flows, such as motion vec-
tors approximated to the target frame, are sufficient. Despite this,
our approach achieves significantly better quality in frame interpo-

lation, demonstrating the efficacy of using approximate flows for
guidance .

Another category involves a jointly trained estimation module to
derive flow estimation [LZH*23; KJL*22; XCW*19; RKT*22]. In
this approach, bilateral flows and the interpolated intermediate fea-
tures are updated jointly, eliminating the need for an independent
synthetic network. These methods demonstrate promising interpo-
lation quality by directly predicting task-oriented flows from the
coarsest level. However, they struggle with modeling large motions
and small objects due to their limited receptive field. Our approach
addresses these challenges by effectively handling large motions
through the integration of independently estimated flows into task-
oriented intermediate flow estimation.

2.3. Optical Flow Estimation

FlowNet [FDI*15] demonstrates that convolutional neural net-
works can predict per-pixel optical flow fields through artifi-
cially generated datasets for optical flow estimation, employ-
ing the encoder-decoder U-shaped network architecture. SPyNet
[RB17] introduces the spatial pyramid approach, while PWC-Net
[SYLK18] incorporates feature warping and computes cost vol-
ume. Fast-FlowNet [KSY21] integrates pyramid features and back-
ward warping, while LiteFlowNet [HTL18] applies iterative refine-
ment using coarse-to-fine pyramids. Unlike conventional pyramid-
based approaches, RAFT [TD20] constructs 4D correlation vol-
umes for flow computation. The AMT [LZH*23] enhances the all-
pairs correlation within RAFT [TD20], effectively capturing dense
correspondence between frames.

3. Method

Given two consecutive input frames I0 and I1 rendered at adjacent
time instances, the objective of our frame interpolation is to predict
their intermediate frame It , where 0< t < 1, by leveraging informa-
tion from both frames I0 and I1 and their guiding flows Mt→0 and
Mt→1, such as motion vectors generated by the rendering pipeline.

As shown in Fig. 2, our design is composed of two main com-
ponents: one for motion context pyramid, and the other for image
context pyramid. Within the image context pyramid, intermediate
features and flows undergo progressive refinement from the input
images. Concurrently, in the motion context pyramid, motion pri-
ors extracted from motion vectors are refined into multi-scale task-
oriented flows and flow features. These refined flows and features
are then injected into the image context pyramid decoders starting
from its early coarse level. This integration improves the generation
of accurately aligned task-oriented intermediate flows across vari-
ous scales. This approach not only enhances the accuracy of early
motion estimation but also maintains finer details across all levels
of decoders, leading to more reliable outcomes. Consequently, we
can infer information from high level motion such as camera move-
ment to local motions such as small object movement.

Specifically, the motion context module warps both input images
to the frame It using their refined motion vectors. A motion feature
encoder is then used to extract multi-scale guiding flow features at
each level of the pyramid from the t-aligned input images and their
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Figure 2: Architecture overview of the proposed method. The overall architecture consists of a preprocessing step and two distinct feature
pyramids. Initially, during preprocessing, the input motion vector M1 is splatted onto its predicted pixel positions for the target frame It .
Then, using the splatted motion vectors, the input images are warped to align with the target frame It . Subsequently, the warped input frames
and refined motion vectors are fed into the motion encoding pyramid, which produces refined guiding flows and multi-level flow features.
Meanwhile, the input frames are processed by the image context encoder, yielding multi-level image features. Afterwards, the generated flow
and image features are input into the combined decoder, which simultaneously updates both intermediate features and flows by merging the
refined guiding flows with the intermediate flows. Finally, we synthesize the intermediate frame using the final estimated flow fields, occlusion
masks, and residuals.

corresponding refined motion vectors. And the image context pyra-
mid uses a feature encoder to extract multi-scale image features for
each input frame. Once these hierarchical motion and image con-
text features are obtained, we progressively refine the intermediate
flows and features using multi-level decoders. During this refine-
ment, the extracted multi-scale image context features are warped
to align with the target frame It , guided by the corresponding flow
fields that integrate refined guiding flow and intermediate flows. Fi-
nally, a frame synthesis module is employed to generate the refined
intermediate frame.

3.1. Motion Context Encoder

We use the motion vector and depth image provided by the ren-
dering engine as the input. While other applications, such as super
sampling [Liu20; XNC*20; MES*23], leverage the motion vector
for precise re-projection due to its calculation from exact geome-
tries for the target frame, in frame interpolation, we can only obtain
the motion vector M1 and depth D1 from the rendered reference
frame I1 instead of the target intermediate frame It .

When the motion vectors Mt→0 and Mt→1 for the target frame It
are not provided through deferred rendering, our method begins by
estimating the motion vectors based on the available keyframe data.
Following the approach of [YZZ*24], we employ a fast splat-based
motion estimation technique that leverages depth and motion vec-
tors from rendered keyframes, both of which are included in the G-
buffer provided by game engines in real-time, to produce bilateral

motion vectors for the intermediate frames. However, we assume
linear motions rather than quadratic motions, and disocclusions are
filled using motion vectors from the key frames, leveraging the ca-
pabilities of neural networks.

With the motion vector M1 in image space as input, we com-
pute the positions Pt for the desired interpolation time t. The pixel
motion in the generated frames is then determined by calculating
the bilateral motion vectors Mt→0 and Mt→1. The construction of
motion vectors proceeds by embedding the calculated vectors into
their corresponding pixels. In particular, Mt→1 is assigned to the
position Pt through splatting [SGHS98]. This splatting process is
applied to each pixel in keyframe I1, producing the projected mo-
tion vectors Mt→0 and Mt→1. Assuming locally linear motion, we
estimate the motion of each pixel in the adjacent frames using the
formula Pt = P1 − (1− t) ·M1, where t represents the time of frame
generation, and Pt denote the predicted pixel positions for the in-
terpolated frame.

To resolve conflicts during the splatting process, where multiple
vectors may be projected onto the same pixel, we use motion vec-
tor splatting based on depth comparison with the input buffer D1.
This approach ensures that, in cases of conflict, the motion vectors
with the smallest depth are preserved. For disocclusion filling, we
efficiently approximate the gaps in the motion vectors by directly
using the vectors from M1.

While the splatting process provides more accurate motion vec-
tors, they are still inadequate for precise frame interpolation. Spe-
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cially, mismatches between surface pixels occur for several rea-
sons, including incorrect assumptions about locally linear motions,
negating the vector direction for ft→1 without considering occlu-
sions, actual motions not being captured by the motion vectors,
and the heuristic approach used for disocclusion filling. These mis-
matches result in inaccurate warping and unreliable updates of in-
termediate flows and features, and this problem becomes particu-
larly significant with large motions. Consequently, instead of using
the spatted motion vectors directly, we first refine the bilateral mo-
tion vectors with the help of input image pairs.

To refine the input guiding flows, we opt a coarse-to-fine man-
ner, which process is necessary to generate a faithful intermediate
features. As a preprocessing step, each input image, I0 and I1, is
warped to the t frame using its guiding flow, Mt→0 and Mt→1. This
alignment enables the input images to match the guiding flow de-
fined in the t frame. As a result, we anticipate that the encoder will
extract contextual information, such as confidence values related to
motion context from the motion vector, based on the context of the
aligned images I0 and I1. This process is repeated for the other in-
put frame, and the resulting images are concatenated with the first
frame image and guiding flows. Then they are fed into a pyramid
encoder, which generates multi-level refined guiding flow features
and guiding flows {φ

k
t ,m

k
0,m

k
1|k ∈ {1,2,3,4}}, as shown in Fig 2.

The pyramid encoder consists of four convolutional blocks, and
the encoded guiding flow feature φ

k
t is defined as:

φ
k
t = Em(W (I0,Mt→0),W (I1,Mt→1),Mt→0,Mt→1) (1)

where W denotes the backward warping operator, and Em repre-
sents the encoder function applied to the input images and their
corresponding guiding flows, for each pyramid level k ∈ 1,2,3,4.
Each encoder block consists of two 3×3 convolutional layers with
strides of 2 and 1, respectively. The number of feature channels
at pyramid levels 1 through 4 is set to 32, 48, 72, and 96, respec-
tively. This hierarchical encoding yields multi-scale guiding flow
features, allowing the network to better preserve motion fidelity
across scales. As a result, the encoded features provide a robust
foundation for motion refinement, enhancing both initial flow esti-
mation and the preservation of fine details throughout the pipeline,
leading to more accurate and reliable interpolation results.

3.2. Frame Interpolation

To obtain a coarse-to-fine contextual representation from each in-
put image, we utilize the image pyramid encoder EI , which extracts
a pyramid of features. This encoder processes the two input im-
ages I0, I1 to produce the pyramid of image features {Xk

0 ,X
k
1 |k ∈

{1,2,3,4}}. At each pyramid level, the encoder performs two con-
volutions with down-sampling. Our network extracts four levels of
pyramid features to facilitate further progressive warping.

After extracting hierarchical features of both motions and im-
ages, we progressively refine the intermediate flows and interme-
diate features using 4 level pyramid decoders to generate the inter-
mediate features Xk

t and the intermediate flows f k
t→0, f k

t→1. Con-
cretely, the features φ

k
t and flows mk

0, mk
1 extracted from guiding

flow encoder are injected into a pyramid decoder, which generates

multi-level refined bilateral guiding flows f k
t→0, f k

t→1 and interme-
diate features Xk

t . Then, features among decoders can be computed
by

[ f 3
t→0, f 3

t→1,X
3
t ] = D4

f ([X
4
0 ,X

4
1 ,φ

4,m4
0,m

4
1,T ]), (2)

[ f k−1
t→0 , f k−1

t→1 ,X
k−1
t ] = Dk

f ([X
k
0 ,X

k
1 ,X

k
t ,φ

k,mk
0,m

k
1]), (3)

[ ft→0, ft→1,R,M] = D1
f ([X

1
0 ,X

1
1 ,X

1
t ,φ

1,m1
0,m

1
1]) (4)

Here, Dk
f (k = 1,2,3,4) denotes the pyramid decoders, each con-

sisting of three stages: flow merging, warping, and a decoding net-
work. First, the generated intermediate flows f k

t→0 and f k
t→1 are

combined with refined guiding flows from the guiding flow en-
coder to produce merged bilateral flows f̄ k

t→0 and f̄ k
t→1, using

f̄ k = mk + f k. Next, the decoder performs backward warping on
multi-level image context features Xk

0 and Xk
1 using the merged

flow fields f̄ k
t→0 and f̄ k

t→1. The warped image context features X̄k
0 ,

X̄k
1 , intermediate features Xk

t , motion context features φ
k, and flows

mk
0, mk

1 are then passed to the decoding network. As the decoding
network, we adopt the IFRBlock decoder from IFRNet [KJL*22],
where each layer consists of six convolutional layers and one de-
convolution layer, with strides of 1 and 1/2, respectively. A single-
channel conditional input T , filled with the target time value t,
is introduced to enable arbitrary time interpolation. Although T
is implicitly encoded through motion vector splatting and relative
warping, we explicitly incorporate it into the first decoder to han-
dle residual motions not accounted by motion vectors. This explicit
temporal conditioning helps guide the synthesis of the target frame
more accurately.

In flow-based VFI methods [JSJ*18], the common formulation
for interpolating the final intermediate frame is:

It = M ·W (I0, ft→0)+(1−M) ·W (I1, ft→1)+R, (5)

where W is the warping operator and · is the element-wise multi-
plication operator. M is a one channel merge mask exported by a
sigmoid layer whose elements range from 0 to 1, and R is a three-
channel image residual that can compensate for details. ft→0 and
ft→1 are final predicted values of the bilateral flows. Finally, we
can synthesize the desired frame It .

3.3. Loss Functions

Our method utilizes two types of losses for supervising image re-
construction between the generated frame It and the ground truth
frame Igt

t . We use the Charbonnier loss [CBAB94], a smooth and
more robust variant of the L2 loss, defined as Lchar(x) = (x2+ϵ2)α,
and the census loss Lcen [MHR18], which computes a soft Ham-
ming distance between census-transformed patches of It and Igt

t .
The census loss enhances robustness to illumination changes and
outliers by relying on structural similarity and relative intensity pat-
terns. The combined loss is formulated as:

L= λcharLchar +λcenLcen (6)

where λchar and λcen are the corresponding loss weights. In our
implementation, both are set to 1.
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IFRNet Ours
Figure 3: We display flow pyramids and generated images for IFR-
Net[KJL*22] and our model, demonstrating that our model effec-
tively captures fine flow details starting from the coarsest level. This
capability allows our model to leverage cues from the coarse level
to guide the identification of fine details.

4. Experiments

To demonstrate the effectiveness and efficiency of our method in
rendered frame prediction, we compare both its quality and infer-
ence speed against state-of-the-art frame interpolation approaches.
Additionally, extensive ablation studies are conducted to evaluate
the impact of each proposed component. All experiments follow the
common protocol of setting t = 0.5, corresponding to the single-
channel conditional input T = 0.5, with motion vectors prepro-
cessed via splatting at the mid-frame position.

4.1. Training Details

We train our method on our created training set for 300 epochs
using the AdamW optimizer [LH17] across four NVIDIA A6000
GPUs. The total batch size is 64, and the learning rate follows a
cosine attenuation schedule, starting at 5×10−4 and gradually de-
creasing to 1×10−5. We apply data augmentation, which includes
random flipping, rotating, and cropping patches of size 224× 224.
Both parameters λchar and λcen are set to 1.

4.2. Dataset

To evaluate the effectiveness of our algorithm in handling large and
dynamic motions under realistic gaming conditions, we constructed
a large-scale dataset using seven publicly available scenes from the
Unreal Engine (UE) Marketplace. These scenes simulate diverse
and complex gaming environments, featuring a wide range of shad-
ing effects such as glossy reflections, soft shadows, multiple light
sources, dynamic camera movements, and intricate occlusions.

Sequential frames were rendered using Unreal Engine 4 at 1080p
resolution and saved to disk, each comprising a rasterized image,

Table 1: Statistics of the training and testing dataset used in our
experiments.

Scenes Training
Sequences

Testing
Sequences

Training
Frames

Testing
Frames

Abandoned
Apartment

0 2 0 400

Factory 8 4 1600 800
Infiltrator 12 7 2400 1400
Subway

Sequencer
0 4 0 800

Subway Train 4 2 800 400
Sun Temple 4 3 800 600
Zen Garden 5 0 1000 0

motion vector, and depth buffer. To ensure high-quality, alias-free
ground truth images, we employed 9× MSAA during data genera-
tion. Motion vectors and depth information were obtained via cus-
tom compute shaders integrated into the UE4 render pipeline. Un-
like color images used as ground truth for the predicted frame, the
motion vector and depth images were generated by skipping one
frame at a time. This is due to the limitation that intermediate frame
G-buffers are not available in standard commercial rendering work-
flows. For each scene, we generated multiple sequences with vary-
ing camera viewpoints. Each training and testing sequence contains
200 image triplets, where each triplet includes three consecutive
frames and a G-buffer associated with the third frame. The dataset
splits and additional statistics are provided in Table 1.

Table 2: Quantitative comparison with state-of-the-art methods on
the dataset we created. The best result is marked in bold, and the
second best is underlined.

Method Use
DL

Model
(PSNR/SSIM)

Params
(M)

Time
(ms)

IFRNet-S [KJL*22] Y 33.54/0.959 2.8 18
IFRNet-B [KJL*22] Y 33.85/0.960 5.0 22
IFRNet-L [KJL*22] Y 34.37/0.962 19.7 49
FILM [RKT*22] Y 34.05/0.961 - -
AMT-S [LZH*23] Y 33.70/0.958 3.0 38
AMT-L [LZH*23] Y 34.08/0.960 12.9 75
AMT-G [LZH*23] Y 34.43/0.963 30.6 164
MobFGSR[YZZ*24] N 35.17/0.979 - 1
Ours Y 37.56/0.985 5.4 24

4.3. Quantitative Comparisons

We compare our method with several state-of-the-art frame interpo-
lation models, including AMT [LZH*23], IFRNet [KJL*22], FILM
[RKT*22], and Mob-FGSR [YZZ*24], all retrained on our dataset.
As shown in Table 2, our approach consistently outperforms both
learning-based and non-learning-based methods in terms of quality
and efficiency. Mob-FGSR, a non-learning-based method, achieves
fast inference and reasonable quality (35.17 PSNR, 0.979 SSIM)
by leveraging motion vectors. However, it does not compute optical
flow and thus cannot handle disocclusion, large motion, or regions
affected by shadows and reflections—areas where motion vectors
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Figure 4: An architecture variant without the motion encoder.

Figure 5: An architecture variant that does not use aligned image
input for the motion encoder.

are incomplete or unavailable. This limitation leads to a noticeable
quality gap compared to our method, which explicitly uses motion
vectors within a deep learning framework and achieves superior
performance (37.56 PSNR, 0.985 SSIM). Among learning-based
models, our approach also outperforms large models such as AMT-
G and IFRNet-L, exceeding them by more than 3.13 dB in PSNR
and 0.022 in SSIM. Despite its smaller model size and lower com-
putational cost, our method delivers higher visual fidelity. It pro-
cesses 1080p frames in 24 ms using only 1.8 GB of GPU memory
and achieves 11 ms per frame at 720p on an NVIDIA A6000 GPU.
With continued advancements in hardware, we anticipate that fur-
ther model optimization, lightweight design, and integration with
supersampling will enable our method to run even faster, making it
practical for real-time deployment in gaming environments.

4.4. Qualitative Comparisons

Figures 9 and 10 present qualitative comparisons of our frame inter-
polation results against state-of-the-art methods. Prior approaches
often struggle to maintain the sharpness of moving object bound-
aries, particularly in the presence of large or complex motions. In
contrast, our method more faithfully reconstructs motion bound-
aries and generates realistic textures with fewer artifacts, owing to
its task-aware flow estimation design.

Table 3: Ablation study on different architecture variants. The best
result is marked in bold, and the second best is underlined.

Architecture PSNR/SSIM

Baseline (MV splat) 34.54/0.976
w/ External Flows 35.16/0.976
w/o Motion Encoder 35.42/0.974
w/o Aligned Input Images 35.82/0.976
Full Model 37.56/0.985

This performance gain stems from two key factors. First, by ex-
plicitly utilizing motion vectors, our method not only captures pre-
cise geometric motion but also effectively expands the receptive
field during flow estimation. This enhances robustness to large dis-
placements and allows the model to capture fine flow details even
at coarse pyramid levels under large motion scenarios, as shown
in Figure 3. Second, our method incorporates task-oriented op-
tical flow, enabling it to handle appearance changes that are not
represented by motion vectors—such as shadows, reflections, and
lighting variations. As demonstrated in Figure 6, this contributes
to more faithful reconstruction of such complex visual effects, re-
sulting in improved overall image quality. Nevertheless, limitations
remain, as illustrated in Figure 8. When faced with extreme scale
variation or highly complex disocclusion—such as thin objects un-
dergoing large displacement—the model may fail to inpaint miss-
ing regions accurately. These cases highlight the broader challenge
of representing fine structures under extreme motion, where the
neural capacity of the model becomes a limiting factor.

4.5. Ablation Study

To evaluate the effectiveness of the proposed methods, we conduct
ablation studies focused on network architecture, as shown in Table
3.

Baseline As a baseline, we directly warp the input images I0 and
I1 using the splatted input motion vectors Mt→0 and Mt→1, as out-
lined in Section 3.1. Disocclusions are filled using motion vectors
from the key frames. The warped images are then blended with
equal weights without any complicated image synthesis. It is im-
portant to note that the baseline has a PSNR that is 0.69 dB higher
than IFRNet-B and 0.17 dB higher than IFRNet-L. This baseline
highlights the effectiveness of the splatted input motion vectors.

External Optical Flows We conducted experiments using the off-
the-shelf flow estimator LiteFlowNet [HTL18]. In these experi-
ments, the input motion vector for the full model was replaced with
the estimated flows. The model using external optical flow achieved
a PSNR of 35.16 and an SSIM of 0.976. While these results ex-
ceeded those of state-of-the-art VFI methods, they were still lower
than the performance obtained with approximated motion vector
input. This implies our model to leverage cues from the coarse level
to guide the identification of fine details with input external flows.

Without Motion Encoder To validate the effectiveness of our mo-
tion encoder, we eliminate the motion context encoder as shown
in Fig. 4. Instead, the splatted motion vector for the target frame
is supplied to each pyramid layer of the decoders, resized to cor-

© 2025 The Author(s).
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Overlaid IFRNet Ours GT

Figure 6: Handling non-motion vector effects. Changes in shadows and reflections caused by moving objects do not carry explicit motion
vectors. Methods that rely solely on motion vectors tend to blend these regions across key frames without proper alignment, leading to
blurry or inaccurate reconstructions. Our approach effectively captures and aligns such non-motion-vector effects—like changes in shadows
and reflections—through a combined motion and context-aware strategy, enabling accurate synthesis of the target frame. Although IFRNet
estimates optical flows, it still struggles to accurately reproduce these effects with ambiguous boundaries and gradual color transitions.

respond with the resolution of each layer. Then the generated in-
termediate flows f k

t→0, f k
t→1 are combined with the motion vector

Mk
t→0 and Mk

t→1 to produce the merged bilateral flows f̄ k
t→0 and

f̄ k
t→1 using the formula f̄ k = Mk + f k. It is noteworthy that this ar-

chitecture achieves a PSNR that is 0.88 dB higher than the baseline,
yet 2.14 dB lower than the full model. This indicates that our guid-
ing flow refinement process effectively enhances the input guiding
flows. These results emphasize the effectiveness of the guiding flow
refinement module in our architecture. The qualitative comparison
for this ablation study is presented in Fig. 7.

Without Aligned Input Images in Motion Encoder To assess the
effectiveness of aligned image input, we remove the aligned images
from the motion context encoder, as shown in Fig. 5. In this setup,
only splatted motion vectors are provided to the motion encoder
without aligned images. It is important to note that this architecture
achieves a PSNR that is 1.28 dB higher than the baseline, but 1.74
dB lower than the full model. This indicates that aligned image in-
put plays a vital role, especially in large-motion scenarios. While
unaligned input images may perform adequately under moderate
motion, they fail under extreme conditions. A shallow pyramid net-
work does not provide a sufficiently large receptive field to handle
such large displacements effectively.

IFRNet w/o Motion
Encoder

Our Full Model GT (top) and
Overlaid (bottom)

Figure 7: Ablation study for motion encoder. IFRNet[KJL*22],
our architecture variant without the motion encoder, and our com-
plete model demonstrate the impact of the motion encoder, reveal-
ing more accurate flows (top) and improved image quality (bottom).

Overlaid IFRNet Ours GT

Figure 8: Failure cases. While our method outperforms IFR-
Net [KJL*22], it still exhibits artifacts in challenging regions, such
as around the pole with thin structures and large displacements.
These issues arise from insufficient neural capacity to handle large
scale variations and complex disocclusion scenarios. This high-
lights a fundamental challenge in representing fine-grained struc-
tures under highly dynamic motion.

5. Conclusion

In this study, we proposed a novel method that leverages a mo-
tion context encoder to address the challenges of large motion
in game frame interpolation. Our approach improves the quality
of interpolation from the early stages of flow and feature esti-
mation, achieving state-of-the-art performance on a large-motion
benchmark. Nonetheless, limitations remain. Accurately interpo-
lating fine details under large motion remains a challenging task,
and our method is not immune to such difficulties. A promising di-
rection for future work is analyzing the impact of different types
of input guiding flows. While we assume access to motion vectors
in game scenarios, it would be interesting to investigate how using
block-matching-based flows—as might be available in more gen-
eral settings—affects reconstruction quality. Furthermore, optimiz-
ing our model for deployment across various hardware platforms
could enhance its practical value and broaden its applicability.

© 2025 The Author(s).
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Figure 9: Qualitative comparison of our method against state-of-the-art deep learning methods.
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Figure 10: Qualitative comparison of our method against Mob-FGSR.
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