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Abstract

Video Frame Interpolation (VFI) aims to generate in-
termediate video frames between consecutive input frames.
Since the event cameras are bio-inspired sensors that only
encode brightness changes with a micro-second temporal
resolution, several works utilized the event camera to en-
hance the performance of VFI. However, existing methods
estimate bidirectional inter-frame motion fields with only
events or approximations, which can not consider the com-
plex motion in real-world scenarios. In this paper, we
propose a novel event-based VFI framework with cross-
modal asymmetric bidirectional motion field estimation. In
detail, our EIF-BiOFNet utilizes each valuable charac-
teristic of the events and images for direct estimation of
inter-frame motion fields without any approximation meth-
ods. Moreover, we develop an interactive attention-based
frame synthesis network to efficiently leverage the comple-
mentary warping-based and synthesis-based features. Fi-
nally, we build a large-scale event-based VFI dataset, ERF-
X170FPS, with a high frame rate, extreme motion, and
dynamic textures to overcome the limitations of previous
event-based VFI datasets. Extensive experimental results
validate that our method shows significant performance im-
provement over the state-of-the-art VFI methods on vari-
ous datasets. Our project pages are available at: https:
//github.com/intelpro/CBMNet

1. Introduction

Video frame interpolation (VFI) is a long-standing prob-
lem in computer vision that aims to increase the temporal
resolution of videos. It is widely applied to various fields
ranging from SLAM, object tracking, novel view synthe-
sis, frame rate up-conversion, and video enhancement. Due
to its practical usage, many researchers are engaged in en-
hancing the performance of video frame interpolation. Re-
cently, numerous deep learning-based VFI methods have
been proposed and recorded remarkable performance im-
provements in various VFI datasets. Specifically, numerous
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Figure 1. Qualitative comparison on the warped frame of inter-
frame motion fields. (b) and (c) estimate symmetrical inter-frame
motion fields. (d) and (e) estimate asymmetric motion fields using
only images and events, respectively. (f) Ours shows the best re-
sults using cross-modal asymmetric bidirectional motion fields.

motion-based VFI methods [3, 4, 8, 12, 22, 29, 30] are pro-
posed thanks to the recent advance in motion estimation al-
gorithms [13, 14, 16, 23, 39, 41]. For the inter-frame motion
field estimation, the previous works [3, 12, 29] estimate the
optical flows between consecutive frames and approximate
intermediate motion fields [12, 29, 49] using linear [12, 29]
or quadratic [49] approximation assumptions. These meth-
ods often estimate the inaccurate inter-frame motion fields
when the motions between frames are vast or non-linear,
adversely affecting the VFI performance.

Event cameras, novel bio-inspired sensors, can cap-
ture blind motions between frames with high temporal res-
olutions since they asynchronously report the brightness
changes of the pixels at the micro-second level. There-
fore, recent event-based VFI methods [9, 19, 42, 43, 47, 51]
have tried to leverage the advantages of the events to esti-
mate the inter-frame motion field. However, they utilized
only the stream of events to estimate motion fields [9,43] or
used approximation methods [42, 47, 51], resulting in sub-
optimal motion field estimation. The first reason is that the
nature of events is sparse and noisy, and all the brightness
changes are not recorded in the stream, leading to inaccu-
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rate results. Second, the approximation-based methods can
not completely express the motion model of complex real-
world motion fields. Lastly, the previous works do not fully
take advantage of the modality of images providing dense
visual information; the previous works do not consider a
remarkable distinction between the two modalities, such as
simply concatenating two modality features [42].

To solve the problem, we propose a novel EIF-
BiOFNet(Event-Image Fusion Bidirectional Optical Flow
Network) for directly estimating asymmetrical inter-frame
motion fields, elaborately considering the characteristics
of the events and frames without the approximation meth-
ods. Our EIF-BiOFNet leverage the following properties
of events and images in the inter-frame motion field estima-
tion. Since the events are triggered near the object edges and
provide abundant motion trajectory information, the event-
level motion fields tend to be accurately estimated near the
motion boundaries. However, it can not give precise results
in other areas where the events are not triggered. On the
other hand, the image-based motion fields can utilize dense
visual information, but they can not employ the trajectory
of motion, unlike the events. The proposed EIF-BiOFNet
elaborately supplements image-level and event-level mo-
tion fields to estimate more accurate results. As a result, the
EIF-BiOFNet significantly outperforms previous methods,
as shown in Fig. 1.

For the intermediate frame synthesis, recent event-based
VFI methods [9, 42, 43, 47] are built on CNNs. However,
most CNN-based frame synthesis methods have a weak-
ness in long-range pixel correlation due to the limited re-
ceptive field size. To this end, we propose a new Inter-
active Attention-based frame synthesis network to leverage
the complementary warping- and synthesis-based features.

Lastly, we propose a novel large-scale ERF-X170FPS
dataset with an elaborated beam-splitter setup for event-
based VFI research community. Existing event-based VFI
datasets have several limitations, such as not publicly avail-
able train split, low frame rate, and static camera move-
ments. Our dataset contains a higher frame rate (170fps),
higher resolution (1440×975), and more diverse scenes
compared to event-based VFI datasets [42] where both train
and test splits are publicly available.

In summary, our contributions are four fold: (I) We pro-
pose a novel EIF-BiOFNet for estimating the asymmetric
inter-frame motion fields by elaborately utilizing the cross-
modality information. (II) We propose a new Interactive
Attention-based frame synthesis network that efficiently
leverages the complementary warping- and synthesis-based
features. (III) We propose a novel large-scale event-based
VFI dataset named ERF-X170FPS. (IV) With these whole
setups, we experimentally validate that our method signif-
icantly outperforms the SoTA VFI methods on five bench-
mark datasets, including the ERF-X170FPS dataset. Specif-

ically, we recorded unprecedented performance improve-
ment compared to SoTA event-based VFI method [43] by
7.9dB (PSNR) in the proposed dataset.

2. Related Works
Frame-based Video Frame Interpolation. can be classi-
fied into three categories: motion-based approaches [3, 4,
7, 8, 10, 12, 22, 27, 29, 30], kernel-based approaches [3, 4, 6,
18, 28, 34] and phase-based approaches [24, 25]. Thanks to
the progress of optical flow algorithms [39,41], the motion-
based approaches are the most actively studied. This ap-
proach generates the intermediate frames by warping pixels
using a motion field between frames. To be specific, pre-
vious works estimated the inter-frame motion fields using
the linear [3, 12, 29] and quadratic approximation. [20, 49]
and knowledge distillation [11, 17]. BMBC [29] further
proposed a bilateral cost volume layer to enhance the
inter-frame motion. ABME [30] further developed the
methods to estimate asymmetric bilateral motion fields us-
ing intermediate temporal frame using motion fields from
BMBC [29]. However, the inter-frame motion field esti-
mated with only frames are still unreliable when the motion
of videos is large or severely non-linear.
Event-based Video Frame Interpolation. Event cameras
have the advantages of micro-second level temporal reso-
lution and HDR properties. Thanks to these novel features,
recent event-based research successfully enhanced the qual-
ity of the VFI [15, 19, 33, 36, 40, 48, 53]. In the event-based
VFI, TimeLens [43] first proposed a unified video inter-
polation framework by leveraging both the warping-based
and synthesis-based approaches. Subsequently, some works
proposed weakly supervised-based [51] and unsupervised-
based [9] event-based VFI methods. In both two works [9,
43], they estimated inter-frame motion fields through the
stream of events only. However, their motion fields of-
ten fail to estimate accurate results due to the sparse na-
ture of events and do not fully utilize the dense visual in-
formation of the images. [42, 47] mainly focus on the ap-
proximation method of the inter-frame motion fields. Time-
Lens++ [42] estimated inter-frame motion with spline ap-
proximation and multi-scale fusion method. Concurrently,
A2OF [47] estimated an optical-flow distribution mask with
events and utilized it as the approximation weights of inter-
frame motion fields. Unlike these works, we propose a
novel EIF-BiOFNet for directly estimating inter-frame mo-
tion fields by fully leveraging cross-modality information
without relying on the motion approximation methods.

3. Proposed Methods
3.1. Problem Formulations and Overview
Problem Formulations. In the event-based VFI works, the
first key frame I0, the last key frame I1 and the inter-frame
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Figure 2. The overall architecture of Interactive Attention-based frame synthesis network.

events E0→1 are given. To utilize the inter-frame events
E0→1 for video interpolation, we first divide the events
E0→1 into left events E0→t and right events Et→1 based
on an arbitrary time step t ∈ {0, 1} to be interpolated. To
utilize the events as the network inputs, we use the standard
event voxel grid [54]. For all experiments, we set the tem-
poral bins of voxels as 16. We now represent the voxel grid
of the events between time steps ta to tb as Gta→tb . With
two images (I0, I1) and two events (E0→t, Et→1) as inputs,
we aim to estimate intermediate frame It.
Overview The overall structure is illustrated in Fig. 2. It
is composed of two major sub-networks: EIF-BiOFNet and
interactive attention-based frame synthesis network. To set
network inputs, we convert two inter-frame events (E0→t,
Et→1) into event voxel grids (G0→t, Gt→1). In addition,
we employ the event reversal method [43] to make Et→0

from E0→t and convert it to the voxel grid Gt→0 for event-
only motion field. Our EIF-BiOFNet receives three event
voxel data (G0→t, Gt→0, Gt→1) and two image data (I0, I1)
as network inputs and directly estimates asymmetric bidi-
rectional motion fields (Vt→1, Vt→0). Using these motion
fields, we aim to estimate an intermediate frame It through
an interactive attention-based frame synthesis network.

3.2. EIF-BiOFNet
EIF-BiOFNet Overview. The EIF-BiOFNet module in
each scale s is illustrated in Fig.3. The EIF-BiOFNet is
composed of a scale-pyramid architecture with scale in-
dex s ∈ {0, 1, 2} to leverage multiple visual scale infor-
mation. We extract features through three encoders. First,
we extract event features {F(E)st→k,flow} with frame in-
dex k ∈ {0, 1} for the event-only motion fields using Gt→0

and Gt→1. We also extract the left/right event features
{F(E)s0→t,syn}, {F(E)st→1,syn} for the anchor frame fea-
ture processing using G0→t and Gt→1 and extract frame
feature pyramid {Cs

k}. Then, these cross-modality features
pass through four light-weight cascade modules in order:

(a) Anchor frame feature pre-processing, (b) E-BiOF, (c) F-
BiOF and (d) I-BiOF. In the first scale (s=0), there is no
output of I-BiOF at the previous scale, so the outcome of E-
BiOF is directly connected to the I-BiOF. Using the outputs
of the I-BiOF at the last scale (s=2), EIF-BiOFNet finally
produces bilateral motion field pyramids {V s

t→0}, {V s
t→1}.

Anchor Frame Feature Pre-processing. To perform back-
ward warping from input frames (I0, I1) to target frame It,
we need to estimate the asymmetric motion fields Vt→0 and
Vt→1. Without using the approximation methods, we re-
quire the intermediate frame It to estimate Vt→0 and Vt→1.
However, It is unavailable as network inputs. To solve the
aforementioned problem, the recent method [30] generated
a temporal “anchor” frame It using existing motion field es-
timation methods [29], then performed correlation between
input frames and the temporal anchor frame. Although they
do not rely on the approximation method, the correlation
with an incorrectly estimated anchor frame is likely to prop-
agate the error to the motion fields.

In the case of using the events, the “synthesis-based in-
terpolation” makes it possible to generate intermediate in-
formation between input frames since the events can cap-
ture blind motions within I0 and I1. Inspired by this
fact, we devise a manner to directly synthesize the latent
frame features with the same effect as the features obtained
from anchor frame It by fully leveraging the advantages of
events. To this end, we design the light-weight network
blocks for anchor frame feature synthesis As that scale-
recurrently synthesize and refine the anchor frame feature
Cs

t using frame features (Cs
0 , Cs

1 ), the left/right event fea-
tures (F(E)s0→t,syn, F(E)st→1,syn) and the upsampled an-
chor frame feature at the previous scale Cs−1

t,up as in Fig. 3(a).
In this way, the network blocks As learn to extract the

essential information to enable the correlation with the ref-
erence frame feature Cs

k and imitate the anchor frame in-
formation. Since the network blocks learn the feature-level
information rather than the image-level information, it al-
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Figure 3. The network architecture of proposed EIF-BiOFNet in scale s. For brevity, we only depict unidirectional motion field among the
bidirectional motion fields in the F-BiOF module.

lows end-to-end training and lowers the influence of error
propagation unlike [30]. Through the crucial step, we use
these anchor frame features {Cs

t } as the input of F-BiOF
and I-BiOF.
E-BiOF Module. Although image-based optical flow (OF)
enables the estimation of spatially dense motion field, it of-
ten fails to estimate accurate results due to the upsampling
procedure [23,39] and the absence of inter-frame motion in-
formation. Unlike image modality, the events are triggered
near object boundaries and provide temporally dense mo-
tion trajectory information. These valuable characteristics
of the events enable to complement the image-level motion
fields. To utilize the valuable characteristics of the events,
we estimate the event-level motion fields to complement
image-level motion fields. However, for estimating event-
level motion fields, it is desirable to minimize spatial down-
sampling of event features to preserve spatial information
where the events occurred since they are spatially sparse. In
contrast, it is efficient for image-based OF to perform the
correlation on a lower spatial scale and then upsampling to
reduce the computation. Therefore, we estimate event-level
OF at a larger spatial scale than the image-based OF and
perform re-scaling. In E-BiOF, we estimate residual OF to
get {V (E)st→k} via decoder unit Bs using the event fea-
tures {F(E)st→k,flow} as in the Fig. 3(b).
F-BiOF Module. Since EIF-BiOFNet uses the scale-
pyramid structure, we perform upsampling on the outputs
of I-BiOF at the previous scale and use them as the input
of the F-BiOF. As in [23], such interpolation-based upsam-
pling of OF can cause adverse effects in motion fields. Fur-
thermore, it is necessary to utilize inter-frame information

from the events efficiently. For this reason, we additionally
use the event-level OF as the input to complement upsam-
pled OF. Using these two inputs, we aim to combine the
strengths and complement the weak points of each OF.

To accomplish this goal, we selectively merge upsam-
pled OF and the event-level OF by calculating the accu-
rately estimated regions of each optical flow. As illus-
trated in Fig. 3(c), we first upsample motion fields V s−1

t→k (I)
from the I-BiOF at the previous scale and get V s−1

t→k(I).
Then, we refine the frame feature Cs

k to C̃s
k and refine

anchor frame feature Cs
t to C̃s

t at scale s. After that,
the refined frame feature C̃s

k is warped by both rescaled
event-based OF V s

t→k(E) and upsampled I-BiOF output
V s−1

t→k(I). In formulation, Ĉs
t→k(E) = W (C̃s

k, V
s
t→k(E))

and Ĉs
t→k(I) = W (C̃s

k, V
s−1
t→k(I)) where W denotes back-

ward warping operation. To take advantage of both motion
fields, V (I)s−1

t→k and V (E)st→k, we estimate pixel-wise con-
fidence mask Ms

t→k with a refined anchor frame feature C̃s
t ,

two warped frame features (Ĉs
t→k(E), Ĉs

t→k(I)) and two
motion fields (V̄ s−1

t→k (I), V̄
s
t→k(E)).

Intuitively, the confidence masks are calculated by com-
paring two warped frame features with the refined anchor
frame feature. The network blocks T s for mask estimation
increases the confidence value at each pixel of the flows to
make the warped feature similar to the anchor frame feature.

Finally, we perform blending of two motion fields to
take advantage of both two motion fields V s−1

t→k(I) and
V s
t→k(E). The outputs of the F-BiOF are generated as

Vt→k(F ) = Ms
t→kV

s−1
t→k(I) + (1−Ms

t→k)V
s
t→k(E) (1)
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where V s
t→k(F ) are the outputs of F-BiOF. Since bidirec-

tional motion fields are estimated, the F-BiOF module is
repeated twice according to the direction at each scale s.
The outputs of F-BiOF are fed into inputs of the I-BiOF, as
depicted in Fig. 3(c).
I-BiOF Module. We estimated the bidirectional motion
fields via two modules, E-BiOF and F-BiOF. However, we
did not fully utilize the strength of the images containing
dense visual information. To this end, we propose the I-
BiOF module for estimating residual flows of F-BiOF out-
put by leveraging the dense visual information of images.
As illustrated in Fig. 3(d), our I-BiOF module consists of
warping, correlation and refinement steps as done in [39].
We first compute {Ĉs

t→k} by backward warping the given
frame feature {Cs

k} with the rescaled outputs of F-BiOF,
{V s

t→k(F )}. Then, the warped frame features {Ĉs
t→k} and

anchor frame feature Cs
t (previously pre-processed for the

correlation in Fig.3(a)) pass through the correlation layer
with cost-volume norm [14]. Finally, we estimate the resid-
ual flows via the decoder unit to yield the outputs of I-BiOF
{V s

t→k(I)}. Across cascade modules and multi-scale struc-
ture, we gradually reduce the search space of motion fields.

3.3. Interactive Attention-based Frame Synthesis

The recent work, TimeLens [43], proposed the event-
based VFI framework by leveraging the benefits of
warping-based and synthesis-based interpolation. The for-
mer works well when the pixel displacement is vast but is
weak where the occlusion or brightness inconstancy exists.
In contrast, the latter is robust to the occlusion and not af-
fected by the brightness constancy, but it often fails in the
large motion of videos. TimeLens tried to leverage these
complementary advantages through image-level fusion but
failed to utilize the rich benefits of feature-level processing.

Recently, the transformer demonstrated its ability to cap-
ture long-range dependencies between features in various
vision tasks [21, 22, 34, 44, 52]. To this end, we propose an
interactive attention module that effectively combines com-
plementary advantages of warping and synthesis-based in-
terpolation using the vision transformer architecture.

As illustrated in Fig. 2, we directly estimate asymmetric
bidirectional motion fields, {V s

t→0} and {V s
t→1}, with scale

index s ∈ {0, 1, 2} using our EIF-BiOFNet. Using these
inter-frame motion fields, we aim to estimate multi-scale
intermediate frames {Ist } using input frames (I0, I1) and
left/right event voxels (G0→t, Gt→1). We first extract the
frame feature pyramids {ϕs

k} and event feature pyramids
{F(E)s0→t}, {F(E)st→1} using weight-sharing frames and
event encoders. Then we backward warp the input frames
to the warped frame pyramid {Îsk} and the frame features to
the warped frame feature pyramid {ϕ̂s

k} where k ∈ {0, 1}.
Interactive Attention Module. Based on the aforemen-
tioned inspiration, we devise a hybrid interaction method
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Figure 4. The proposed Interactive Attention Module. © denotes
concatenation operation along the channel dimension.

between warping-based and synthesis-based features. To
achieve this, we use both the multi-head self-attention and
cross-attention operations. The self-attention mechanism
is able to capture long-range dependency between its own
feature. On the other hand, the cross-attention allows the
interaction between the input features (queries) and the
key/value features. To this end, we leverage the warping or
synthesis features as key/value to enable mutual interaction
with queries.

As in Fig. 2, we build query inputs Qs
in by concatenat-

ing the whole input features of the last scale and encode the
information. The query input Qs

in is connected to the de-
coder output to make query Qs of the transformer layer in-
put. For key and value projection, we first encode warping
features {F(W )s} utilizing warped frames Îsk , frame fea-
tures ϕ̂s

k and left/right event features. Similarly, we encode
synthesis features {F(S)s} using event and frame features.
As shown in Fig. 4, we additionally transform each com-
ponent (i.e., query, key and value) by applying series of the
layer normalization [2] and a depth-wise separable convo-
lution layer. That is, single query Qs is projected to two
queries Qs, Qw, respectively. Also, we project the warped
and synthesis feature F(W )s, F(S)s to two keys Ks, Kw

and two values Vw, Vs, respectively. We calculate attentions
as follows:

Attentions = SoftMax(
QsK

T
s

αs
)Vs

Attentionw = SoftMax(
QwK

T
w

αw
)Vw (2)

where αs and αw denote learnable scaling parameters to
balance the weight of each attention. For memory efficiency
of processing the video frames with high resolution, we
compute a cross-covariance matrix (QKT ) of multi-headed
attention across the channel dimension similar to [52]. The
final attention result Xs is generated as:

Xs = Qs +Convp[Attentions,Attentionk] (3)

where Convp denotes point-wise conv layer and [] is
channel-wise concatenation. After the interactive attention
blocks, we further refine the output using the self-attention
layers. In this way, we efficiently merge warping-based and
synthesis-based features from the multiple visual scales.
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Table 1. A comparison of the datasets for event-based video frame
interpolation where train and test sets are both publicly available.

RGB cam. Event cam. N. seq. Seq. length Sync&align
BS-ERGB [42] 970x625, 28fps 1280x720 92 100-600 frames ✓
ERF-X170FPS 1440x975, 170fps 1280x720 140 990 frames ✓

3.4. Loss Functions
Stage One. To train the proposed EIF-BiOFNet, we define
the photometric loss between GT frame IGT

t and warped
frames and edge-aware smoothness loss [45] (Lsmooth) as:

Lflow = λ1(ρ(I
GT
t −W (Vt→0, I0)) + ρ(IGT

t −W (Vt→1, I1)))

+λ2(Lsmooth(I
GT
t , Vt→0) + Lsmooth(I

GT
t , Vt→1)) (4)

where ρ is the charbonnier loss [5] and W denotes back-
ward warping operation, and λ1, λ2 are balancing parame-
ters between losses, empirically set to 1, 10, respectively.
Stage Two. After training stage one, we freeze the weights
of the EIF-BiOFNet and train the frame synthesis net-
work using multi-scale loss function as follows: Ltotal =∑2

s=0 λs(ρ(I
s
t,GT − Ist )) where λs are set to {1, 0.1, 0.1}

for each scale.

4. ERF-X170FPS Dataset
Behind the remarkable advance of frame-based VFI

methods, there are numerous benchmark datasets, such
as GOPRO [26], Adobe240fps [38], Vimeo90K [50],
DAVIS [31] and XVFI [35]. In contrast, the public bench-
mark datasets for event-based VFI research are relatively
rare. The BS-ERGB [42] is the only publicly available
dataset for the training and evaluation of event-based VFI
algorithms. However, the BS-ERGB dataset has several
limitations due to the low frame rate (28fps) leading to the
large occlusions in the scenes, too many deformable objects
(water, fire, popping eggs, etc.), and static camera move-
ment of the test scenes. For these reasons, inter-frame mo-
tion fields are invalid in many regions in this dataset, which
makes it challenging to train and evaluate the performance
of the motion-based VFI algorithms.

To tackle the aforementioned problems, we build the
large-scale dataset named ERF-X170FPS (High Resolu-
tion Events and RGB Frames with eXtreme Motions at
170FPS) with the beam-splitter-based camera rigs compris-
ing of the Prophesee Gen4 event cameras [1] (1280×720)
and Blackfly-S global shutter cameras (1440×1080, maxi-
mum 226fps). These two cameras are hardware-level syn-
chronized using a micro-controller (the external trigger). As
summarized in Tab. 1, the proposed dataset has higher frame
rates and larger spatial resolution enabling users to adjust
the degrees of motion speeds and occlusions. Also, we
capture more diverse scenes including deformable and fast-
moving objects (dancer, animals, soccer, tennis, pop-corns,
exploding coke, windmill, fountain, etc.), static scener-
ies (building, landscape, flower, etc.) and driving scenar-

ios with various distance ranges and diverse camera motion
speeds compared to the previous arts [42, 46]. Please refer
to suppl. materials for a more detailed analysis.

5. Experiments
5.1. Datasets and Implementation Details
Synthetic Event Datasets. We train and test our framework
on the GoPro [26] dataset. For the additional comparison,
we test the same model on the test split of Adobe240fps [38]
dataset. We generate the events between the consecutive
video frames using the event simulator (ESIM) [32]. To
validate the VFI performance according to the various mo-
tion ranges, we set the frame skip range to {7, 15, 23, 31}
for the evaluation.
Real Event Datasets. To verify the VFI performance on
the real events, we conducted the experiments on the two
publicly available datasets, High Quality Frame (HQF) [37]
and BS-ERGB [42], and our ERF-X170FPS dataset.
Implementation Details. We designed two models, “Ours”
and “Ours-Large”, that have same architecture but different
parameters. Unless otherwise specified, our method after-
wards are all “Ours”. More details are in suppl. material.

5.2. Experimental Results
Synthetic Event Datasets. Tab. 2 shows the quantita-
tive comparison of our framework with the frame-based
and event-based VFI methods on GoPro and Adobe240fps
datasets. Following the evaluation protocol of the previ-
ous event-based VFI methods [9, 43, 47], we skip the video
frames using original video sequences and compare the
middle and whole skipped video frames with ground truth
frames. As in the previous works [9, 43, 47], we directly
evaluate SoTA frame-based VFI methods [3, 11, 12, 17, 22,
28–30] using the official pretrained models.

As shown in Tab. 2, our method outperforms all frame-
and event-based methods in both two datasets with respect
to all metrics. Compared to the best frame-based method,
ABME, our method shows significant performance gaps
(10.05dB) in terms of PSNR when 7skips in the GoPro
dataset. As we maximize the frame skips of videos to 31,
the performance gap between ABME and our method in-
creases to 16.31dB in the GoPro dataset. Compared to the
event-based VFI methods, our method still shows better re-
sults from 1.82dB to 4.45dB.
Real Event Datasets. We compare our method and
SoTA event-based VFI methods (TimeLens [43], Time-
Lens++ [42], TimeReplayer [9], A2OF [47]) on two pub-
licly available real-event datasets, HQF [37] and BS-
ERGB [42] datasets. As shown in Tab. 3, we record
the highest PSNR and SSIM with significant margin com-
pared to other methods in both datasets. In the HQF
dataset, ours record the performance boost of 0.49∼3.36dB
in 1skip and 0.89∼3.92dB in 3skips, using approximately
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Table 2. Quantitative evaluation on synthetic event datasets (GoPro and Adobe240fps datasets). The bold and underlined denote the best
and the second-best performance, respectively. † denotes event-based VFI methods. The same notation and typography are applied to the
following tables. Please note that we evaluated all methods based on the middle frame between the input frames.

Method
GoPro [26] Adobe240fps [38]

7skips 15skips 23skips 31skips 7skips 15skips 23skips 31skips
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

SuperSloMo [12] 27.31 0.838 22.40 0.684 20.10 0.606 18.87 0.566 28.10 0.879 22.69 0.727 20.26 0.639 18.72 0.588
SepConv [28] 27.24 0.831 21.97 0.664 19.60 0.582 18.44 0.543 28.13 0.875 22.40 0.713 19.97 0.622 18.51 0.572

DAIN [3] 26.18 0.822 22.20 0.822 20.25 0.609 19.11 0.571 26.63 0.859 22.29 0.719 20.08 0.634 18.67 0.585
BMBC [29] 26.54 0.832 21.57 0.672 19.25 0.595 18.07 0.559 27.18 0.874 22.19 0.722 19.82 0.637 18.36 0.590
ABME [30] 27.79 0.845 22.71 0.690 20.51 0.616 19.31 0.578 28.85 0.890 22.91 0.734 20.36 0.645 18.83 0.595
RIFE [11] 27.60 0.837 22.57 0.681 20.37 0.606 19.16 0.567 28.64 0.884 22.80 0.728 20.30 0.638 18.77 0.587

IFRNet [17] 27.72 0.842 22.50 0.685 20.09 0.609 18.78 0.573 28.66 0.886 22.72 0.729 20.21 0.642 18.67 0.593
VFIformer [22] 27.78 0.844 22.54 0.689 20.12 0.614 18.82 0.580 28.67 0.888 22.73 0.733 20.20 0.648 18.64 0.600
TimeLens† [43] 34.45 0.951 - - - - - - 34.83 0.949 - - - - - -

TimeReplayer† [9] 33.39 0.952 - - - - - - 33.22 0.942 - - - - - -
A2OF† [47] 35.95 0.967 - - - - - - 36.21 0.957 - - - - - -

Ours 37.84 0.974 36.74 0.967 36.19 0.963 35.62 0.961 37.38 0.971 36.38 0.966 35.45 0.961 34.88 0.958
Ours-Large 38.15 0.975 37.05 0.969 36.50 0.965 35.94 0.963 37.76 0.972 36.76 0.968 35.84 0.963 35.29 0.961

(c) ABME (d) RIFE(b) Inter-frame events (e) TimeLens(a) Inputs (Overlay) (f) Ours (g) GT

Figure 5. Visual results on the proposed ERF-X170FPS dataset. (Best viewed when zoomed in.)

3.5 to 4.7 times fewer parameters than SoTA event-based
VFI methods. Moreover, the performance gaps between
“Ours-Large” and SoTA event-based VFI methods widen
to 0.83∼3.7dB in 1skip and 1.23∼4.26dB in 3skips. In the
BS-ERGB dataset, our method also perform the best among
other methods. Ours-large model observes the PSNR im-
provement of 0.87∼1.07dB in 1skip and 0.96∼1.01dB in
3skips with 2.5∼3.3 times less parameters.
ERF-X170FPS Dataset. Finally, we perform the compar-
ison on the splits of the proposed ERF-X170FPS dataset.
The test split of the dataset is composed of 36 different
scenes containing significant non-linear motion and ex-
treme scenes in high resolution. For a fair comparison, we
finetune the only public event-based VFI method [43] on
our trainset with the same number of epochs as ours.

Tab. 4 shows the quantitative results on the ERF-
X170FPS dataset. We can see that the proposed frame-
work outperforms all SoTA VFI methods by a significant
margin. In particular, our framework outperforms the SoTA
frame-based method up to 8.2dB (PSNR) and 0.17 (SSIM).

Also, we show the significant performance boost of 7.9dB
(PSNR) and 0.159 (SSIM) compared to the SoTA event-
based method [43]. In the largest frame skips (11skips), the
performance gap between ours and other methods becomes
larger. Our method surpasses the best frame-based ABME
and event-based TimeLens with 8.84/8.62dB (PSNR) and
0.197/0.191 (SSIM), respectively. Since the test split of
the ERF-X170FPS dataset includes various non-linear and
large camera motions with dynamic textures, it is challeng-
ing to interpolate the accurate intermediate frames. Nev-
ertheless, our framework can precisely estimate the inter-
frame motion fields and interpolate the outputs. Since
TimeLens uses event-only motion fields and multi-stage im-
age level-fusion methods, the error of each stage tends to ac-
cumulate recursively, leading to performance degradation.

Fig. 5 shows the visual results of ours and other SoTA
methods. Our results in Fig. 5(f) demonstrate that the pro-
posed method produces precise interpolated frames even
when the pixel displacement between input frames is vast
and the motion is non-linear. When other methods fail to in-
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Table 3. Quantitative evaluation on publicly available real event
datasets (BS-ERGB [42] and HQF [37] datasets). We evaluate the
performance based on whole frames between the input frames.

Methods
BS-ERGB [42] HQF [37] Params.

[M]1skip 3skips 1skip 3skips
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

TimeLens† [43] 28.36 - 27.58 - 32.49 0.927 30.57 0.900 72.2
TimeReplayer† [9] - - - - 31.07 0.931 28.82 0.866 -
TimeLens++† [42] 28.56 - 27.63 - - - - - 53.4

A2OF† [47] - - - - 33.94 0.945 31.85 0.932 -
Ours 29.32 0.815 28.46 0.806 34.43 0.949 32.74 0.934 15.4

Ours-Large 29.43 0.816 28.59 0.808 34.77 0.953 33.08 0.940 22.2

Table 4. Quantitative evaluation based on middle frame on the
ERF-X170FPS dataset with state-of-the-art VFI methods.

Methods
ERF-X170FPS

3skips 7skips 11skips Avg.
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

ABME [30] 27.78 0.861 22.68 0.748 19.96 0.679 23.47 0.763
VFIformer [22] 26.29 0.836 21.38 0.724 19.04 0.661 22.24 0.740

IFRNet [17] 26.03 0.826 21.43 0.712 19.14 0.648 22.20 0.729
RIFE [11] 26.99 0.841 22.18 0.723 19.64 0.652 22.94 0.739

TimeLens† [43] 25.34 0.807 21.99 0.729 20.18 0.685 22.50 0.740
Ours 32.29 0.924 30.12 0.897 28.80 0.876 30.40 0.899

Ours-Large 32.37 0.926 30.22 0.899 28.94 0.878 30.51 0.901

terpolate accurate frames, our method successfully captures
the vast and non-linear inter-frame motion of tiny flowers,
fast-moving traffic sign, and countless pop-corns.

5.3. Model Analysis
EIF-BiOFNet. We compare the inter-frame motion fields
of ours with frame-based [11, 12, 29, 30] and event-
based [43] methods in Tab. 5. For a fair comparison, we
retrained the SoTA event-based inter-frame motion fields
module [43] with the same trainset as ours. We perform
backward warping of input frames using the estimated mo-
tion fields and calculate the PSNRs of the warped frames.
RIFE shows the best performance among the frame-based
methods and asymmetrical flow-based method (ABME)
shows better performance than linear approximation-based
methods (BMBC, SuperSloMo). The SoTA event-based
method, TimeLens-Flow [43], shows higher PSNRs than all
the frame-based methods utilizing the abundant temporal
information of the events. Nevertheless, ours outperforms
TimeLens-Flow significantly by avg. 2.58dB and 3.76dB in
31skips using 2.6 times fewer parameters. It demonstrates
that our EIF-BIOFNet modules play the critical role for ac-
curate inter-frame motion field estimation.

In Tab. 6, we report the performance contribution of each
component in EIF-BiOFNet. Using only E-BiOF shows a
similar performance to TimeLens-Flow and using only I-
BiOF shows higher avg. PSNRs by 1.08dB compared to
E-BiOF. When all three modules are used, we observe a
significant performance improvement of up to 2.58dB. It
means that each module of EIF-BiOFNet elaborately uti-
lizes and fuses cross-modal information.
Frame Synthesis Network. We investigate the influ-
ence of each component in the interactive attention-based

Table 5. Quantitative comparison with state-of-the-art inter-frame
motion field estimation methods on GoPro dataset.

Methods 7skips 15skips 23skips 31skips Avg. Params.
[M]PSNR PSNR PSNR PSNR PSNR

SuperSloMo [12] 26.22 21.98 20.04 18.91 21.79 19.79
BMBC [29] 26.53 21.51 19.29 18.09 21.36 10.56
ABME [30] 26.30 22.35 20.42 19.34 22.10 11.55
RIFE [11] 26.82 22.40 20.40 19.31 22.23 3.04

TimeLens-Flow† [43] 30.79 28.64 26.75 25.18 27.84 19.81
Ours-Flow 32.29 30.73 29.71 28.94 30.42 7.64

Table 6. Ablation study of the EIF-BiOFNet on GoPro dataset.
Components 7skips 15skips 23skips 31skips Avg.

E-BiOF I-BiOF F-BiOF PSNR PSNR PSNR PSNR PSNR
✓ 30.72 28.66 26.77 25.21 27.84

✓ 30.27 29.28 28.43 27.69 28.92
✓ ✓ ✓ 32.29 30.73 29.71 28.94 30.42

Table 7. Ablation study of the interactive attention-based frame
synthesis network on GoPro dataset.

Components 7skips 15skips 23skips 31skips Avg.
Syn. Warp TSA TIA PSNR PSNR PSNR PSNR PSNR
✓ 34.77 33.53 32.69 31.71 33.18

✓ 35.55 34.53 33.81 32.97 34.22
✓ ✓ 36.06 35.23 34.74 34.11 35.04
✓ ✓ ✓ 37.30 36.25 35.71 35.09 36.09
✓ ✓ ✓ 37.71 36.62 36.07 35.49 36.47
✓ ✓ ✓ ✓ 37.84 36.74 36.19 35.62 36.60

frame synthesis network. We first analyze the warping and
synthesis-based interpolation. For the ablation, we replace
the transformer decoder layer with a CNN-based decoder
with a similar number of parameters. We observe a per-
formance boost (+1.04dB) when using the warping-based
feature using inter-frame motion fields obtained from our
EIF-BiOFNet instead of synthesis-based features. When we
fuse the synthesis and warping-based features, performance
increases by 1.86dB compared with the baseline. With the
transformer decoder layer, 1.43dB PSNR inclines by replac-
ing the CNN-based decoder(the decoder part of UNet) with
the TIA (Transformer Interactive Attention) blocks as in
the 3rd and 5th rows of Tab. 7. We also confirm the per-
formance increases by 0.13dB with the TSA (Transformer
Self-Attention) layers for further refining output as in the
5th and 6th rows. The results demonstrate that TIA blocks
better combine the warping- and synthesis-based features.

6. Conclusion
We propose an event-based VFI method with asymmet-

ric inter-frame motion fields by elaborately handling the
characteristics of the modality of the events and frame. Ex-
tensive experiments demonstrate that the proposed methods
show remarkable improvement over the SoTA VFI meth-
ods. We also construct the ERF-X170FPS dataset with HFR
frame-based and HR event cameras, which will be valuable
for the event-based VFI research community.
Acknowlegment This work was supported by the National
Research Foundation of Korea(NRF) grant funded by the
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