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Abstract

Event cameras deliver visual information characterized by a
high dynamic range and high temporal resolution, offering
significant advantages in estimating optical flow for com-
plex lighting conditions and fast-moving objects. Current ad-
vanced optical flow methods for event cameras largely adopt
established image-based frameworks. However, the spatial
sparsity of event data limits their performance. In this pa-
per, we present BAT, an innovative framework that estimates
event-based optical flow using bidirectional adaptive tempo-
ral correlation. BAT includes three novel designs: 1) a bidi-
rectional temporal correlation that transforms bidirectional
temporally dense motion cues into spatially dense ones, en-
abling accurate and spatially dense optical flow estimation; 2)
an adaptive temporal sampling strategy for maintaining tem-
poral consistency in correlation; 3) spatially adaptive tempo-
ral motion aggregation to efficiently and adaptively aggregate
consistent target motion features into adjacent motion fea-
tures while suppressing inconsistent ones. Our BAT achieves
state-of-the-art performance on the DSEC-Flow benchmark,
outperforming existing methods by a large margin while also
exhibiting sharp edges and high-quality details. Our BAT can
accurately predict future optical flow using only past events,
significantly outperforming E-RAFT’s warm-start approach.

Code — https://github.com/gangweix/BAT

Introduction

Optical flow has been an enduring fundamental task in
the field of computer vision, which can be applied to a
broad range of practical tasks, including video reconstruc-
tion (Tulyakov et al. 2021, 2022; Xu et al. 2024b) and vi-
sual odometry (Zhang et al. 2024; Shiba et al. 2024), and
robotics (Xu et al. 2025a; Liang et al. 2025a,b; Li et al. 2025;
Lin et al. 2025). Image-based optical flow estimation (Doso-
vitskiy et al. 2015; Teed and Deng 2020; Wang, Lipson, and
Deng 2025) has demonstrated remarkable performance on
public benchmarks (Butler et al. 2012; Menze and Geiger
2015; Mehl et al. 2023). Nonetheless, these methods strug-
gle with motion blur and over-exposed or under-exposed
regions due to the limited dynamic range of conventional
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Figure 1: Left: Comparison with state-of-the-art event-
based flow methods on DSEC-Flow and MVSEC bench-
marks. Our BAT achieves the highest accuracy among
all published methods. Right: Compared to E-RAFT and
TMA, our BAT shows much higher efficiency in iterative op-
timization. Additionally, the aforementioned methods con-
verge at a high error rate quickly due to limited unidirec-
tional motion cues. In contrast, our BAT fully utilizes bidi-
rectional and rich motion cues, allowing for continuous op-
timization for better results.

image sensors. Event cameras present a promising alter-
native for optical flow estimation. Compared to image-
based cameras, event cameras continuously capture asyn-
chronous brightness changes, providing high temporal res-
olution without motion blur (microseconds), along with a
high dynamic range and low power consumption. There-
fore, event-based optical flow estimation is more advanta-
geous for fast-moving objects, high dynamic range scenes,
and resource-constrained devices.

However, the data captured by event cameras is spa-
tially sparse, irregular, and asynchronous, making it un-
suitable for directly applying current state-of-the-art image-
based flow methods to estimate event-based optical flow.
To leverage established convolutional neural network ar-
chitectures (Dosovitskiy et al. 2015; Ilg et al. 2017; Teed
and Deng 2020), recent works (Zhu and Yuan 2018; Gehrig
et al. 2021b) transform consecutive event streams into grid-
like/tensor representations and input them into these net-
works to predict the optical flow.

A representative method is E-RAFT (Gehrig et al. 2021b).
Inspired by RAFT (Teed and Deng 2020), E-RAFT employs



image-based optical flow architectures for event-based op-
tical flow estimation. It first converts two event sequences
into grid-like/tensor representations, constructs a correlation
volume between the two representations, and then regresses
the optical flow from the correlation volume. The corre-
lation volume, which measures visual similarity between
pixels in two images, has become an essential component
in mainstream image-based/frame-based optical flow esti-
mation methods. However, unlike dense and rich RGB or
grayscale image data, event data is spatially sparse, resulting
in the constructed correlation volume with insufficient mo-
tion cues, which significantly limits the performance of this
approach. To provide more motion cues, TMA (Liu et al.
2023) computes the correlation volumes between the refer-
ence event frame and multiple forward event frames. Event
data is inherently sequential. Although TMA has achieved
improved results, it relies solely on forward temporal motion
cues and overlooks backward temporal motion cues, which
limits its overall performance (see Figure 1).

Our goal is to transform bidirectional temporally dense
motion cues into spatially dense ones, thereby enabling
detailed and accurate optical flow estimation. Our model
is built on two key insights. First, events and motion are
both temporally continuous and fine-grained, so forward and
backward temporal motion cues are crucial for accurate opti-
cal flow estimation. Second, motion can vary non-uniformly
over time, indicating the need to adaptively aggregate both
forward and backward motion cues to ensure temporal con-
sistency.

Building on these insights, we present bidirectional adap-
tive temporal (BAT) correlation for event-based optical flow
estimation. Specifically, we split the reference event stream
and target event stream into multiple groups, then compute
bidirectional temporal correlation (BTC): forward correla-
tion is applied between the reference event frame and multi-
ple target event frames to obtain forward motion cues, while
backward temporal correlation is performed between multi-
ple reference event frames to capture backward motion cues.
BTC transforms temporally dense motion cues into spatially
dense ones, allowing for accurate and spatially dense opti-
cal flow estimation. We also propose an adaptive temporal
sampling strategy for temporal consistency during comput-
ing correlation.

Linearly indexing adjacent event frames across different
time spans and performing correlation can introduce incon-
sistent motion patterns when dealing with non-uniformly
moving objects. To address this challenge, we propose
spatially adaptive temporal motion aggregation (SATMA).
Specifically, SATMA first applies deformable and sparse at-
tention between target motion features and adjacent motion
features to aggregate relevant target motion features within
the regions of interest. It then generates an attention map
to adaptively fuse the aggregated target motion features into
the adjacent motion features, effectively suppressing incon-
sistent motion features and enhancing consistent ones.

Extensive experiments demonstrate that our approach
outperforms previous methods by a large margin on pub-
lic benchmarks. Specifically, our BAT ranks 1°¢ on the
DSEC-Flow (Gehrig et al. 2021a) benchmark, exceeding E-
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RAFT (Gehrig et al. 2021b) and TMA (Liu et al. 2023) by
39.45% and 28.98%, respectively, for the 1PE metric.

Additionally, the proposed backward temporal correlation
offers two notable advantages: first, it enables us to predict
future optical flow using only past events, a capability cru-
cial for interpreting and interacting with dynamic environ-
ments, as shown in Figure 6; second, it effectively handles
occlusions caused by objects moving out of the target frame,
as shown in Figure 2.

To summarize, our main contributions are as follows:

* We present a novel framework, BAT, that learns to esti-
mate event-based optical flow with bidirectional adaptive
temporal correlation.

We propose spatially adaptive temporal motion aggrega-
tion that efficiently integrates temporally consistent tar-
get motion features into adjacent motion features while
suppressing inconsistent ones.

Our BAT achieves state-of-the-art performance on the
DSEC-Flow benchmark, outperforming all previously
published methods.

Our BAT can accurately predict future optical flow using
only past events, while also effectively handling occlu-
sions caused by objects moving out of the target frame.

Related Work

Deep learning has demonstrated remarkable success in im-
age matching tasks (Xu et al. 2023b, 2025b; Cheng et al.
2024a, 2025; Wang et al. 2025; Xu et al. 2024a; Cheng et al.
2024b). The pioneering flow method, FlowNet (Dosovitskiy
et al. 2015), introduced an end-to-end convolutional neural
network that directly takes two images as input and out-
puts optical flow, achieving impressive performance. Subse-
quently, network architectures (Teed and Deng 2020; Huang
et al. 2022) and training strategies (Wang, Lipson, and Deng
2025; Sun et al. 2022a) for optical flow estimation have been
continuously improved, leading to consistent advancements
in performance. For example, PWC-Net (Sun et al. 2018,
2019) and LiteFlowNet (Hui, Tang, and Loy 2018, 2020) in-
troduced pyramid and warping-based cost volumes to esti-
mate optical flow in a coarse-to-fine manner. These methods
significantly reduce inference time while enhancing accu-
racy. RAFT presents a novel deep network architecture for
optical flow, which first builds a 4D correlation volume for
all pairs of pixels, and then iteratively regresses the optical
flow from it. Combined with its new training strategy, RAFT
sets a new state-of-the-art in optical flow estimation.
Inspired by RAFT, several novel designs, such as global
attention (Jiang et al. 2021a), kernel patch attention (Luo
et al. 2022), and super kernels (Sun et al. 2022b), have been
proposed to improve the performance of motion aggrega-
tion. Recently, many works (Huang et al. 2022; Xu et al.
2022; Lu et al. 2023; Sui et al. 2022; Weinzaepfel et al.
2023) have introduced transformers into optical flow esti-
mation to enhance global matching. These methods have all
led to improvements in accuracy. Efforts (Xu et al. 2021;
Zhao, Xu, and Wu 2024; Jiang et al. 2021b; Xu et al. 2023a)
have also been made to overcome the excessive memory



consumption introduced by the high-resolution 4D correla-
tion volume in RAFT. Instead of focusing on a two-frame
setting, VideoFlow (Shi et al. 2023) concurrently estimates
bidirectional optical flows for multiple consecutive frames.
In contrast to VideoFlow, our approach builds on the sparse
nature of event data and transforms the rich temporal motion
cues into the target frame, focusing on estimating its mo-
tion. UnFlow (Meister, Hur, and Roth 2018) designs an un-
supervised loss on bidirectional optical flow computed from
two static images. In contrast, our method computes bidirec-
tional temporal correlation for more accurate and detailed
forward optical flow prediction.

Learning-based event-based flow methods also largely
draw upon well-established image-based optical flow ar-
chitectures. Moreover, adapting to these architectures often
requires converting events into tensor representations, like
event frames or voxel grids. These learning-based methods
can be categorized into supervised (Gehrig et al. 2021b;
Liu et al. 2023; Wu, Paredes-Vallés, and De Croon 2024),
semi-supervised (Zhu and Yuan 2018; Lee et al. 2020; Ding
et al. 2022), and unsupervised (Paredes-Vallés et al. 2023;
Paredes-Vallés and De Croon 2021; Hagenaars, Paredes-
Vallés, and De Croon 2021; Zhu et al. 2019). Unsupervised
methods rely solely on event data; semi-supervised meth-
ods use grayscale images as a supervisory signal; super-
vised methods require accurate ground truth flow for su-
pervision. Currently, supervised methods dominate on stan-
dard benchmarks (Gehrig et al. 2021a; Zhu et al. 2018). A
representative approach is E-RAFT (Gehrig et al. 2021b),
which introduces the RAFT (Teed and Deng 2020) architec-
ture into event-based optical flow estimation. Subsequently,
TMA (Liu et al. 2023) extends the two-frame correlation
volume of E-RAFT to a multi-frame correlation volume,
providing more temporal motion cues. ADMFlow (Luo et al.
2023) renders high-quality datasets to facilitate event-flow
learning. Without using a correlation volume, IDNet (Wu,
Paredes-Vallés, and De Croon 2024) introduces iterative de-
blurring for accurate event-based flow estimation.

Contrary to existing learning-based event-based methods
that only model unidirectional motion cues, we propose bidi-
rectional adaptive temporal correlations to estimate spatially
detailed optical flow. More importantly, by modeling back-
ward motion cues, our method can predict future optical flow
using only past events.

Method

Conventional optical flow estimation is typically defined as
finding pixel correspondences between two image frames.
However, unlike frame-based images, event data is recorded
in a sequential and asynchronous manner by detecting per-
pixel brightness changes. Therefore, given an event stream
E(t;, tit1), the goal of event-based optical flow is to find
pixel correspondences between two timestamps ¢; and ;1.

Building on the spatial sparsity and temporal density of
event data, we propose BAT, a novel framework that trans-
forms temporally dense motion cues into spatially dense
ones, enabling spatially dense and accurate optical flow es-
timation. The overview of the proposed network framework
is illustrated in Figure 3. Before feeding the event data into
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Figure 2: Benefiting from the proposed backward tempo-
ral correlation, our method effectively handles occlusions
caused by objects moving out of the target frame.

the network, the event stream is first converted into an event
voxel grid representation. In this section, we first describe
the event voxel grid representation and then detail the net-
work architecture.

Event Representation

Event cameras are novel bio-inspired vision sensors that
generate an asynchronous event stream when the brightness
change of a pixel exceeds a predefined threshold C'. An event
er(t) = (zk, yr,t, pr) is a tuple containing trigger pixel lo-
cation (x, Y ), the timestamp ¢ and the polarity py, that in-
dicates whether the brightness change is positive or negative.
The event stream E(¢;, ¢;41) from timestamp ¢; to timestamp
t;y1 is defined as E(t;, ti41) 1= (e(t)|t € [ti, tit1])-

To ensure compatibility with CNNs and facilitate correla-
tion volume construction, we follow previous works (Gehrig
et al. 2021b; Liu et al. 2023) by transforming the event
stream & (t;,t;11) into an event voxel grid V' € RE*HoxWo
with discretized time dimension B. Specifically, given an
event stream E(t;,t;41), V (b, x,y) is obtained by:

=

;=B =Dt —t)/(tiv1 — i)
V(b z,y) = ijk‘b(x — x;)ko(y — y;)ko(b — 5) (1)

J
ky(a) = max(0,1 — |al),

where B denotes the number of time bins, and b € [0, B—
1] is the integer bin index.

Feature Extraction

Given two consecutive event streams &(t;—1,t;) and
E(ti tiy1), where t;p — t; = t; — t;—1 = At, our goal
is to estimate the optical flow f;, ., form timestamp ¢;
to ;4. Firstly, we convert the event streams into voxel grid
representations, denoted as Vj and Vi, respectively, using
Equ. 1.

To exploit temporally dense motion cues, we split both Vj
and V; into N groups equally along the time bin dimension,
and each group contains B/N time bins. Then we input the
voxel grid event representations of these 2N groups into a
shared-weight feature extraction network to produce a series
of features F, (F,, € RP>*H*XW) 4y — 1,2, ..., 2N, where
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Figure 3: Network architecture of the proposed BAT.

D, H and W denote the channel, height, and width of fea-
ture F,,. The feature extraction network consists of 6 resid-
ual blocks, similar to RAFT (Teed and Deng 2020). Among
these temporal features, F'y serves as the reference frame,
while F5 serves as the target frame.

Bidirectional Temporal Correlation

Correlation volume, which measures pixel-wise visual sim-
ilarities between frames, provides crucial information for
flow estimation. However, existing flow methods often focus
on the two-frame setting (Gehrig et al. 2021b) or unidirec-
tional correlation (Liu et al. 2023). In contrast, we propose
bidirectional temporal correlation (BTC) to transform tem-
porally rich motion cues into spatially dense ones. BTC con-
sists of forward temporal correlation and backward temporal
correlation. Forward temporal correlation computes the cor-
relation between the reference frame Fy and its next frames
Fyi; (j = 1,...,N), and backward temporal correlation
computes the correlation between the reference frame Fly
and its previous frames Fy_; (j = 1,2,...,N —1).

Given the current flow estimate f from timestamp ¢; to
ti+1,1n order to facilitate the computation of temporal corre-
lations, we assume that the optical flow is linear with respect
to time. Thus, we can derive the optical flow df between ad-
jacent temporal groups as:

df = f/N 2

Then, the forward temporal correlation ij wd ¢
REr+1D*xHxW s computed by:
Fy -W(Fn4;;jd
cfwd _ Ex W(Fnyj; 7 f),j:1,2,...,
J VD

where - denotes the dot product, W(-; -) denotes the warping
of adjacent frames to the reference frame using optical flow.
Specifically, for each pixel p in Fy, we use the current flow
jdf to find its corresponding point p’ in Fv ;, then define a
local grid around p’ within a radius 7 and bilinearly sample
the values from the local grid. The number of samples for
the local grid is (2r + 1)2.

N, (3
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Similarly, the backward temporal correlation le-"“d €

RE+D*xHxW g computed by:

FN.W(F%;(_j)df)’j—]_72,...7N1'
“)

Finally, we obtain N groups of forward temporal correla-
tion maps and N —1 groups of backward temporal correla-
tion maps. Through this bidirectional temporal correlation,
we transform temporally dense motion cues into spatially
dense ones, enabling spatially detailed and accurate optical
flow estimation. In particular, the backward temporal corre-
lation maps are highly beneficial for handling occlusions of
objects moving out of the target frame, as shown in Figure 2.

Adaptive Temporal Sampling Strategy. The sampling
radius r is set as a hyperparameter in previous works (Gehrig
et al. 2021b; Liu et al. 2023). However, as motion patterns
change over time, a manually chosen r» may not be robust
for temporal consistent correlation. To address this, we in-
troduce a learnable parameter « as a scale factor to obtain a
learnable sampling radius I7,

bwd __

Ir=a-r. 5

The Ir can be adaptively learned during the training pro-
cess, while the number of sampling points in the local grid
remains unchanged.

Spatially Adaptive Temporal Motion Aggregation

Effectively utilizing temporally rich motion cues is crucial
for achieving spatially dense and accurate optical flow esti-
mation. However, due to the non-uniformity of optical flow
over time, linearly computing correlations on adjacent tem-
poral frames introduces motion features inconsistent with
the target frame. To address this, we propose a spatially
adaptive temporal motion aggregation (SATMA) module
that adaptively enhances motion features consistent with the
target frame while suppressing inconsistent ones. The archi-
tecture of SATMA is illustrated in the supplementary mate-
rial.

Before feeding into STAMA, we encode the correlation



Method  EPE| IPE| 2PE| 3PE| AE|
MB MultiCM  3.472 76.570 48.480 30.855 13.983
E-RAFT  0.788 12.742 4.740 2.684 2.851
ADMFlow 0.779 12522 4.673 2.647 2.838
g [EEMFlow+ 0751 11403 3932 2145 2.669
TMA 0.743 10.863 3.972 2301 2.684
IDNet 0.719 10.069 3.497 2.036 2.723
BAT (Ours) 0.655 7.715 2.896 1.773 2.439

Table 1: DSEC (Gehrig et al. 2021a) benchmark evaluation.
MB refers to model-based methods that do not require train-
ing data, and SL represents supervised learning methods that
require ground truth optical flow. Bold: best.

feature C jf w4 into motion feature M ]f wd,
M = MotionEncoder(C{"%, f),j = 1,2,..., N, (6)

Similarly, we can obtain the backward motion feature M ]’?w‘i

(G =1,2,...,N —1). Among them, M{"* represents the
target motion feature, while the others are adjacent motion
features.

The architecture of the spatially adaptive temporal mo-
tion aggregation (SATMA) module is presented in the sup-
plementary material. Given the target motion feature M 1{,“”1

and an adjacent motion feature M7 "¢ (or M bud) we first
concatenate them, then pass them through a convolutional
layer followed by a sigmoid activation function to generate a
spatial attention map A,,,. The spatial attention effectively
enhances consistent motion features while suppressing in-
consistent ones. We also adopt deformable attention (Xia
et al. 2022) to efficiently integrate consistent or similar mo-
tion features from M JJ:,wd into M Jf wd Specifically, M ]f wd
is first projected linearly to obtain the query @, which is
then fed into a lightweight offset network to generate sparse
sampling locations. Based on these locations, we can sample
M Jf,wd to obtain the key K and value V. Then we obtain the
aggregated motion feature M'?? through attention:

QK"
Vo

where o(+) denotes the softmax function, and D,,, is the di-
mension of the motion feature. Finally, we obtain fused mo-

tion feature M J'-f 43¢ by:

Mjfuse _ Aspa ® M]{lgg + ]\4’]4jpﬂu)d7 ®)

where ©® denotes the element-wise product. Similarly, we
also perform SATMA between backward motion features
and the target motion feature to obtain the backward fused
motion features. Then, these forward and backward fused
motion features are fed into the ConvGRU to update the op-
tical flow.

J

(N

v,

Loss Function

Following RAFT, we supervised our network using the [,
loss between the predicted and ground truth flow over the
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Method dt =1 dt = 4
EPE| %Out] EPE| %Outl
MB MultiCM 030 0.10 125 921
EV-FlowNet 049 020 123 730
SSL Spike-FlowNet 049 -  1.09 -
STE-FlowNet 042 0.00 099 3.90
E-RAFT 027 000 084 1.70
DCEIFlow 091 071 1.87 19.1
g, ADMFlow 052 000 191 192
TMA 025 007 070 1.08
IDNet 029 000 075 120
BAT (Ours) 021 000 053 0.71

Table 2: MVSEC (Zhu et al. 2018) benchmark evaluation.
SSL denotes semi-supervised learning methods that use
grayscale images for supervision.

Model | EPE| 1PE| 2PE| 3PE| AE|
Baseline | 0712 9.123 3332 2.033 2.544
BTC 0.680 8279 3.130 1.889 2.527
BTC+ATS | 0.671 8.179 3.014 1.804 2.482
Full (BAT) | 0.655 7.715 2.896 1773 2.439

Table 3: Ablation study on DSEC-Flow benchmark. BTC
represents bidirectional temporal correlation, ATS repre-
sents adaptive temporal sampling. Full model includes
SATMA, denoting spatially adaptive temporal motion ag-
gregation.

entire sequence of predictions, {f!, f2,---, fX}, apply-
ing exponentially increasing weights. Given the ground truth
flow f9¢, the loss is defined as,

K

L= "7 = £, )
i=1

where f? denotes the predicted optical flow at the i-th iter-

ation, and ~ balances the weights of the loss terms for each

iteration. K is the total number of iterations.

Experiments
Experimental Setup

Datasets and evaluation setups. Following previous work,
we conduct extensive experiments on two popular event-
based datasets: DSEC-Flow (Gehrig et al. 2021a) and
MVSEC (Zhu et al. 2018). For DSEC-Flow, we train the
models on the official training dataset and then evaluate
them on the public benchmark. DSEC-Flow provides 8,170
training samples and 416 testing samples, with a resolution
of 640 x 480. For MVSEC, we perform training and evalu-
ation on two types of event data, dt = 4 and dt = 1, which
are divided based on time intervals.

Implementation details. We implement our model with Py-
Torch and perform our experiments using NVIDIA RTX



Experiment Method EPE| 1PE| 3PE|
dense 0.670 8.049 1.868
Attention spatial-reduction 0.698 8.731 2.044
deformable 0.655 7.715 1.773
r=0 0.677 8.02 1.985
Radius r=1 0.667 7.981 1.945
r=2 0.655 7.715 1.773
4 0.689 8.563 2.011
Iterations 8 0.655 7.715 1.773
12 0.650 7.540 1.740

Table 4: Ablation experiments on DSEC-Flow benchmark.
Settings used in our final model are underlined.

Input Method EPE| 1PE|
MultiCM 3472 76.570

Tgt.4+Ref. event TamingCM 2.330 68.293
EV-FlowNet 2.320 55.400

only Ref. event E-RAFT (warm-start) 4.518 85.378
y Rk BAT (bwd corr) 1.163 33.026

Table 5: Future optical flow prediction. Ref. denotes refer-
ence event stream & (¢;_1,t;), and Tgt. denotes target event
stream E(t;,t;1+1). Our BAT (bwd corr) can predict fu-
ture optical flow f;, ,;, , using only the past event stream
E(ti—1,ti).

i+1

3090 GPUs. We set the temporal group N to 3 in the fi-
nal BAT model. For experiments on DSEC-Flow, we set the
event representation to B = 15 time bins for every 100ms of
events. For MVSEC, B is set to 5 when dt = 1 and 15 when
dt = 4. The length B of time bins is kept consistent with E-
RAFT and TMA. The final channel dimension D for feature
extraction is 128, and the flow updater is identical to that of
RAFT. The sampling radius 7 is set to 2. For all training,
we use the AdamW optimizer with a one-cycle learning rate
schedule, setting the learning rate to 2e-4. We use 8 update
iterations during training, and the weight v is set to 0.8. For
DSEC-Flow, we train our BAT for 200k steps with a batch
size of 8, while for MVSEC, we train it for 100k steps.

Comparisons with State-of-the-art

DSEC-Flow. Table 1 presents the comparison results on the
DSEC-Flow benchmark. Our BAT ranks 1°¢ among all pub-
lished methods for all metrics. Compared to other iterative
methods, E-RAFT (Gehrig et al. 2021b) and TMA (Liu et al.
2023), our BAT improves the 1PE metric by 39.45% and
28.98%, respectively. The 1PE metric is the most challeng-
ing evaluation metric, as it directly reflects the detailed per-
formance of the predictions.

Qualitative results on the DSEC-Flow benchmark are
shown in Figure 5. Due to the spatial sparsity of event data,
previous methods (Gehrig et al. 2021b; Liu et al. 2023) tend
to produce predictions with blurred edges and loss of de-
tails. In contrast, our BAT leverages bidirectional temporal
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Figure 4: Future optical flow prediction. The first row illus-
trates events from timestamp ¢;_1 to t;, while the second row
presents the optical flow results from ¢; to ¢;, 1. Given only
past events, our method can predict future optical flow.

motion cues, enabling it to predict sharp edges and preserve
fine structures. Additionally, benefiting from the proposed
backward temporal correlation, our BAT effectively handles
occlusions caused by objects moving out of the target frame,
as shown in Figure 2.

MVSEC. Following previous works, we perform training
on outdoor_day?2 sequence and evaluate on outdoor_day1 se-
quence. Table 2 presents the evaluation results correspond-
ing to dt = 1 grayscale frame and dt = 4 grayscale frame.
Our method achieves the highest prediction accuracy and
outperforms other methods by a large margin. Specifically,
for the more challenging dt = 4 setting, our BAT surpasses
the second-best method, TMA (Liu et al. 2023), by 34.26%
for the %Out metric and 24.29% for the EPE metric.

Ablation Study

We conduct ablation studies to validate the effectiveness of
the proposed components. All ablation models are trained
on the DSEC-Flow training dataset and evaluated on the
DSEC-Flow benchmark, as presented in Table 3. We use
the TMA (Liu et al. 2023) with N = 3 temporal groups as
the Baseline. Baseline only computes forward temporal cor-
relation, neglecting the backward motion cues. In contrast,
the proposed bidirectional temporal correlation (BTC) com-
putes both forward and backward temporal correlations, en-
abling the model to leverage bidirectional temporally dense
motion cues for accurate and spatially detailed optical flow
estimation. As a result, BTC achieves a significant improve-
ment in accuracy. Furthermore, we introduce an adaptive
temporal sampling (ATS) strategy to ensure temporal con-
sistency when computing correlations, which enhances the
model’s performance.

Due to the presence of non-uniform motion, simply sam-
pling the non-target event frames based on a linear motion
assumption can introduce inconsistent temporal motion fea-
tures. To mitigate this issue, we propose spatially adaptive
temporal motion aggregation (SATMA), which efficiently
and adaptively aggregates consistent target motion features
while suppressing inconsistent motion features. As shown in
Table 3, SATMA significantly improves the model’s predic-
tion accuracy.

Attention type. To perform temporal motion aggregation ef-
fectively, we compare three attention types (Table 4). Dense
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Figure 5: Qualitative results of optical flow predictions on DSEC-Flow. Significant improvements are highlighted by red boxes.
Images are provided for visualization only, since the optical flow is event-based. Our method accurately distinguishes subtle
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Figure 6: Predicting future optical flow f;, ., ., using only
past events & (t;—1, ;).

attention incurs high memory/computation and introduces
irrelevant features. Spatial-reduction attention lowers the
cost by pooling K and V, but sacrifices detail and degrades
accuracy. In contrast, deformable attention efficiently fo-
cuses on relevant motion features with low overhead.
Sampling radius. Due to the rich temporal motion cues,
even with using a sampling radius of 0, computing corre-
lation at a single point, our method can still yield good re-
sults, as shown in Table 4. Better results are obtained with
an increased radius.

Iterations. By effectively integrating bidirectional and rich
temporal motion cues, our results continuously improve with
more iterations, as shown in Table 4 and Figure 1.

Future Optical Flow Prediction

Predicting future optical flow is a crucial task for interpret-
ing and interacting with dynamic environments, such as as-
sisting drones or autonomous vehicles in navigating through
complex and dynamic environments. Previous methods (Zhu
and Yuan 2018; Gehrig et al. 2021b; Liu et al. 2023) re-
quire the given &(t;,t;41) to predict flow f;, _;,, ,, mak-
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ing them difficult to predict future optical flow. Benefit-
ing from the proposed backward temporal correlation, our
model can predict future optical flow f;, ., using only
the past event stream &(t;—1,t;), shown in Figure 6. Our
BAT (bwd corr) produces promising optical flow results on
the DSEC-Flow benchmark, significantly outperforming the
model-based method MultiCM, the self-supervised method
TamingCM, and E-RAFT’s warm-start approach that initial-
izes the flow for the next frame, as shown in Table 5. Visual
results are shown in Figure 4.

Conclusion

In this paper, we present BAT, an innovative framework de-
signed to estimate accurate and detailed optical flow from
events. BAT introduces three key innovations: a bidirec-
tional temporal correlation, an adaptive temporal sampling
strategy, and spatially adaptive temporal motion aggrega-
tion. Our approach ranks 15¢ on the DSEC-Flow benchmark,
outperforming existing state-of-the-art methods by a large
margin, while also preserving sharp edges and high-quality
details. Additionally, our BAT can accurately predict future
optical flow using only past events. We believe that our sim-
ple method, BAT, will become the baseline for the commu-
nity and drive the future development of event-based optical
flow.

Limitations. Our BAT does not bring significant gains un-
der rapid motion changes. For example, when the event cam-
era shakes violently, there is a significant difference between
backward and forward temporal motion. In this case, back-
ward temporal motion cues provide little help for forward
optical flow estimation.
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