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Abstract

Event-based cameras asynchronously detect changes in
light intensity with high temporal resolution, making them
a promising alternative to RGB camera for low-latency and
low-power optical flow estimation. However, state-of-the-
art convolutional neural network methods create frames
from the event stream, therefore losing the opportunity to
exploit events for both sparse computations and low-latency
prediction. On the other hand, asynchronous event graph
methods could leverage both, but at the cost of avoiding
any form of time accumulation, which limits the prediction
accuracy. In this paper, we propose to break this accuracy-
latency trade-off with a novel architecture combining an
asynchronous accumulation-free event branch and a peri-
odic aggregation branch. The periodic branch performs
feature aggregations on the event graphs of past data to
extract global context information, which improves accu-
racy without introducing any latency. The solution could
predict optical flow per event with a latency of tens of mi-
croseconds on asynchronous hardware, which represents a
gain of three orders of magnitude with respect to state-of-
the-art frame-based methods, with 48x less operations per
second. We show that the solution can detect rapid motion
changes faster than a periodic output. This work proposes,
for the first time, an effective solution for ultra low-latency
and low-power optical flow prediction from event cameras.

1. Introduction
Optical flow is the apparent relative motion of objects and
surfaces in a scene (which could come from the motion of
an object or from the observer itself) and is used in many
downstream computer vision tasks, such as video stabiliza-
tion [35], virtual reality [25], navigation [36] and obstacle
avoidance [32]. Using an RGB camera, it can be mea-
sured as the pixel’s displacement between two consecutive
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Figure 1. Ultra-low latency optical flow prediction with asyn-
chronous event graph neural networks and periodic aggregator.

frames. However, the latency of the optical flow predic-
tion is limited, both by the frame rate of the sensor and the
computational time of the prediction algorithm. Therefore,
rapid motion changes cannot be detected during this blind
time, which can be critical in some real-time applications
such as navigation [12]. The latency of the sensor can be de-
creased by increasing the frame rate, which comes at a high
computational cost and can cause bandwidth problems.

Event cameras are a promising alternative to RGB cam-
eras in this context [11]. The pixels of event cameras
function asynchronously and produce an event whenever
a change in the light intensity is detected, at a temporal
resolution of microseconds [17]. Therefore, they are par-
ticularly adapted for detecting fast motion changes with
low latency. However, state-of-the-art convolutional neu-
ral networks (CNN) cannot handle the asynchronous flow
of events and construct frames from events [7, 9, 13, 20,
21, 24, 30, 33, 38], loosing the opportunity to exploit the
event information at low latency. Moreover, state-of-the-art
methods are computationally-expensive [13, 20], limiting
real-time implementation on embedded hardware with con-
strained resources.

Therefore, the concept of event graphs (based on Graph
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Neural Networks - GNN) has emerged as a solution [5].
Events are represented in a continuously evolving graph,
asynchronously triggering graph convolutions at the arrival
of new events, that can allow event-level predictions at
ultra-low latency [6, 12, 26]. This has motivated the cre-
ation of new asynchronous hardware to support these im-
plementations [14, 34]. Moreover, by constraining edges
of the graphs to be directed, from past-to-future only (pre-
venting backward connections), the HUGNet approach [6]
removes the additional latency of graph update for each new
events, allowing ultra-low latency graph building. However,
the latency constraint also prevents from using any form
of accumulations in the GNN (e.g. pooling layers or nor-
malizations on future data). This limits the aggregation of
global context information, which is important for under-
standing the scene dynamics, and hence severely impacts
the accuracy of the prediction.

In this paper, we propose to break this accuracy-latency
trade-off and leverage both asynchronous event graphs and
periodic temporal accumulations. We propose a novel
neural network architecture combining an accumulation-
free asynchronous event branch and a periodic aggregation
branch performing feature aggregations on the event graphs
of past data. Therefore, the periodic branch can extract
global context information, improving the accuracy of op-
tical flow estimation, without increasing the prediction la-
tency compared to the event branch alone. However, the
periodic branch, only having access to past data, cannot
accurately detect fast motion changes, and hence merging
the periodic outputs with the event branch outputs is cru-
cial. The proposed method could predict optical flow from
event cameras with a total latency in the order of 10s of µs
in asynchronous hardware such as [34], while a standard
frame-based approach would have a latency in the order of
10s of ms (Fig. 1). We further study if this reduction in
the prediction latency also translates into a more accurate
prediction of fast-changing optical flow. We show that, de-
pending on the speed of change and the aggregation period
of the periodic branch, the event prediction can outperform
the periodic prediction at low latency by up to 59%.

Our contributions can be summarized as follows:
• We propose a new version of the HUGNet [6] event

graph, HUGNet2, entirely accumulation-free, and hence
compatible with ultra low-latency per event prediction.

• We introduce a new architecture combining HUGNet2
with a Periodic Aggregator (PA), HUGNet2+PA, which
largely improves the overall prediction accuracy com-
pared to HUGNet2 alone, while introducing no latency.

• Our architecture can effectively leverage the most recent
events in the event branch to detect a rapid motion change
faster than a periodic output, and outperforms the state-
of-the-art on the challenging Rock Scenes dataset [6].

• The latency of our method is reduced by 3 orders of mag-

nitude compared to the state-of-the-art (from 10s of ms to
10s of µs on asynchronous hardware), while also reduc-
ing number of operations (up to 48x) and parameters.

2. Related Works
Event-based Optical Flow Estimation. Moving edges are
locally described in event data streams as 3D structures that
can be analytically estimated online [3] or optimized of-
fline using contrast maximization techniques [28, 29]. As-
suming a constant speed, events can be grouped into fea-
tures tracked over time that enable local motion estimations
[18, 27]. Motion descriptors can also be extracted out of
events using bio-inspired spiking handcrafted patterns [22].
However, all these techniques suffer from poor performance
when the event stream is complex due to noise or textured
objects. Inspired by image-based optical flow estimation,
neural network methods create event frames, by counting
events in each pixel during a certain temporal window, that
can be processed by CNNs [7, 9, 13, 20, 21, 24, 30, 33, 38].
In addition, EV-FlowNet [38] use the last event times-
tamp in another input channel. STE-Flow [9] propose to
adapt the event frame rate to the event density (i.e. each
frame contains the same number of events), which allows a
more accurate representation of high speed motions. ADM-
Flow [20] introduce a learnable adaptive density module
which can compensate for heterogeneous event density be-
tween event frames. Furthermore, Spiking Neural Net-
works [16, 31] have been proposed, as spiking computa-
tions can also be realized in an event-based manner on asyn-
chronous hardware.

Event Graph Neural Networks. Frame-based repre-
sentations discard the precise temporal resolution of the
event and can neither fully exploit the sparsity of events
for sparse computations, nor the low latency of event cam-
eras for low latency prediction. In order to overcome these
issues, recent methods have proposed to represent event
data as a graph, each event being represented as a node
with connectivity according to spatio-temporal proximity,
that can be processed by a GNN, for object classifica-
tion [4, 8, 26, 34], object detection [12, 26], motion seg-
mentation [23], or optical flow estimation [6]. Notably,
event graphs can also predict at the node-level (i.e. event-
level), which can be exploited in dense tasks such as optical
flow estimation. Indeed, a prediction per event could allow
to estimate locally the optical flow at low latency. How-
ever, fully leveraging this low-latency opportunity requires
to impose constraints on the event graph operations. In-
deed, when an event arrives, all the elements required for
computing its output must be already available (without
waiting), such that only the time of performing the graph
convolution is required, which can be realized in microsec-
onds [34]. In this context, [6] proposes the Hemi-spherical
Update Graph method (HUGNet). At each new event,

6910



edges are constructed only on a hemi-spherical neighbor-
hood of past events (i.e. the graph is directed, with past-
to-future connections only), which reduces the latency of
graph update to zero. However, current event graph meth-
ods [4, 6, 8, 23, 26, 34], use operations in the GNN relying
on future data (e.g. pooling layers, graph-level normaliza-
tion with on-the-fly statistics, or normal vectors across past
and future events), that limits the latency of event-level pre-
diction. Notably, [12] converts all GNN operations to an
event-based version, showing for the first time a low-latency
solution for an object detection application. In particular,
they propose an event graph pooling that can be made asyn-
chronous by keeping only directed edges of pooled nodes,
but at the cost of severe accuracy degradation compared to
a standard event graph pooling.

3. Methods

3.1. Event Graph and Periodic Aggregator

We describe the proposed architecture composed of an
asynchronous event-based branch and a periodic branch
(Fig. 2). The event branch contains the graph building, a
GNN (used as a feature extractor for both event and peri-
odic branches), and an Event head. In the event branch, the
computations are asynchronously triggered as events arrive,
which allow sparse computations (proportional to the num-
ber of events), and ultra low-latency per event prediction.
The periodic branch operates in parallel of the event branch
and is composed of a PA module and a Periodic head that
periodically outputs dense optical flow prediction. Note that
the method only use event data (no images).

3.1.1. Event Branch
Events are output asynchronously from event cameras as
(x, y, t, p) features, corresponding to x and y pixel coordi-
nates, the timestamp t of the emission of the event, and its
polarity p (positive or negative, if the event corresponded to
an increase or decrease of light intensity). A graph is rep-
resented as G = (V, E), with V being a set of vertices, and
E a set of edges. The vertices (and edges) are associated
with features, on which GNN layers are applied to compute
output features. In an event graph, events are represented
as vertices, and edges are formed between events based
on spatio-temporal proximity, commonly using a k Nearest
Neighbors search (a node is connected to its k closest nodes
in the spatio-temporal 3D space) [6, 12, 34]. For enabling
ultra-low latency prediction, we adopt the HUGNet [6]
graph building, which constrains edges to be past-to-future
directed, i.e. on recent past events only (that are already in
memory). This means that the k Nearest Neighbors search
is constrained to the hemi-spherical space around the event
in (-rxy ,+rxy) for (x, y) coordinates and (-rt,0) for t, rxy
being the pixel radius and rt the temporal radius.

For the GNN, we propose an improved version of
HUGNet [6], called HUGNet2, that is compatible with low
latency prediction. Indeed, as event graphs are highly het-
erogeneous, using instance normalization with on-the-fly
statistics greatly improves the accuracy. However, this re-
quires processing the graph over the entire sequence be-
fore any prediction can be made. Moreover, HUGNet uses
normal vectors computed on a 3D neighborhood (includ-
ing future events) around the event, which would also add
latency. Therefore, HUGNet2 does not use neither normal-
ization nor normal vectors. In addition, HUGNet2 replaces
the SplineConv [10] in the first GNN layer, by a Point-
TransformerConv [37], which slightly improves the accu-
racy while reducing the number of parameters.

GNN and PA outputs are merged in the Event branch.
However, the PA output for the period T can only be avail-
able with a delay of 2 periods (Fig. 2c). Indeed, the com-
putation can only start after the end of the accumulation pe-
riod, and the PA module can take up to another frame to be
computed (not more to allow real-time processing, but not
less to reduce power consumption). That is why, in order to
introduce no latency to the event branch, the merge is done
with PA output immediately available when the event arrive
(therefore corresponding to past events with a delay of 2 pe-
riods). In particular, the merge uses the output features of
the event (computed in the GNN) and the PA(T-2) features
in the pixel location of the event.

The merged features are fed to the Event head, which
predicts per event optical flow. This temporal shift may de-
grade the accuracy of the event prediction for fast motions.
However, we will show that the Event head can leverage the
event-level information contained in the GNN output fea-
tures to faster detect motion changes. Note that, for training
on a GPU, the graphs are built in advance and GNN lay-
ers are computed on an entire graph in parallel. However,
on asynchronous hardware, the graph building and Event
branch will be computed on-the-fly as events arrive (follow-
ing the computation flow described in Fig. 2b).

3.1.2. Periodic Branch
The event branch has no pooling layers (which would re-
quire temporal accumulation and hence would introduce la-
tency in the event computation flow) and therefore has a
limited field of view. The goal of the periodic branch is
to perform broader spatio-temporal aggregation of features
allowing a better understanding of the global scene. There-
fore , the PA module accumulates the output features of the
GNN during a certain period, on which a spatio-temporal
pooling operation is performed. This means that the pooling
operation is performed on the features of the events accu-
mulated during the period for each spatial location (tempo-
ral and spatial resolutions can be adjusted). The pooled fea-
tures are processed by the PA module, composed of convo-
lutional and recurrent layers to perform the spatio-temporal
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aggregation. The PA outputs are upsampled with bilinear
interpolation in order to get back to the original pixel reso-
lution, and then processed by the Periodic head. The Peri-
odic head outputs Periodic predictions of dense optical flow
(on every pixel location).

3.2. Event Optical Flow Datasets
MVSEC. The Multi Vehicle Stereo Event Camera dataset
(MVSEC) [38, 39] includes indoor scenes from a flying
drone and outdoor driving scenes, with 346x260 pixels res-
olution and groundtruth optical flow labels at 20 Hz. As
the most common procedure [9, 13], we train the model
on the outdoor day2 sequence (which lasts about 610 sec-
onds), and evaluate the model on the outdoor day1 (240s)
and indoor flying sequences 1, 2 and 3 (240s). However,
MVSEC scenes only contain slow and smooth motions,
with a groundtruth at low frequency, and hence is not chal-
lenging enough the ability to detect fast motion changes.

Rock Scenes. Rock Scenes [6] is a synthetic dataset
specifically designed for evaluating very fast motion de-
tection. Rock Scenes data feature record cover art im-
ages moving in front of a textured background, both hav-
ing an uncorrelated movement with random sharp direc-
tion changes, with groundtruth optical flow at high reso-
lution (500 Hz) and 100x100 pixel resolution. In particu-
lar, the motion changes (direction and speed) occur in one
groundtruth timestep, i.e. 2 ms. The motion changes be-

ing easy to localize in the sequences, we can observe the
latency of the method detect them. The sequences last be-
tween 2 and 6 seconds, with one hundred sequences for the
train split (ten objects combined with ten scenes) and four
sequences for the test split (two unseen objects objects com-
bined with 2 unseen scenes).

Data pre-processing. Event graph methods construct
graphs on the raw events. However, constructing and pro-
cessing graphs with large number of events is slow on
GPU (which are not optimized for graph processing, con-
trary to the asynchronous hardware implementation that this
method is targeting). Moreover event streams may con-
tain a lot of redundant information. Therefore, follow-
ing HUGNet [6], the datasets are filtered with a spatio-
temporal contrast filter available in state-of-the-art event-
cameras [1, 2]. In addition, MVSEC outdoor sequences
are downsampled with a factor of 3 such that they have a
similar event density as the indoor sequences. The event
graphs are built for full sequences and then chopped into
smaller sequences of 400ms and 800ms (with overlap of
200ms), for Rock Scenes and MVSEC respectively.

3.3. Training and Evaluation Procedure
Architecture details. For the graph building, the k Nearest
Neighbor search is perfomed on a hemi-sphere with radius
rxy= 8 and 9 pixels, and rt= 80 and 90ms, for MVSEC and
Rock Scenes respectively, with k=32 neighbors per node.
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We use the pixel coordinates and polarity as node input fea-
tures (not including timestamp, as the absolute time should
not influence the optical flow prediction and may lead to
overfitting). HUGNet2 is composed of a PointTransformer-
Conv [37] layer followed by 4 GCNConv [15] layers, each
with 32 output features. Note that PointTransformerConv is
more costly than GCNConv (which simply performs mean
aggregations of the projected features of the neighbors), and
hence is only used in the first layer where the input size is
small. The output of the 5 layers are concatenated and fed
to a fully connected layers of output size 64. The periodic
branch then performs a feature-wise max pooling on the 64
output features of the GNN, in a pixel grid of 1/4th the spa-
tial resolution of the original one in each dimension (the
temporal resolution corresponds to the PA rate and is a pa-
rameter of study). The PA module is composed of a 2D
convolutional layer (stride 2, 3x3 kernel, 64 channels), a
SepConvGRU layer as in E-RAFT [13] (2D recurrent con-
volutions with 1x5 kernel performed first horizontally then
vertically) with 64 output channels, and a 2D convolutional
layer (3x3 kernel, 128 channels). The merge in the event
branch simply concatenates the 64 GNN output features of
a node with the 128 PA(T-2) output features at the same
pixel coordinates. The Event and Periodic head are com-
posed of fully connected layers (192-128-64-2 and 128-2,
respectively), on each event (each pixel, respectively).

Training details. AdamW [19] optimizer is used with
batch size of 1, with learning rate starting at 5e-4 and di-
vided by 2 if no relative change of 0.05 in the loss is ob-
served during 10 epochs. The model is trained in a super-
vised manner using a smooth-L1-loss (as in HUGNet [6])
for both Event predictions and Periodic predictions. Data
augmentation is used: random horizontal and vertical flips,
temporal stretching with a factor between 0.5 and 1.5, ran-
dom rotations from 0 to 360 degrees, and edge dropout (re-
moving edges of the graph) with probability 0.25. In addi-
tion for MVSEC, random cropping of size 256x256 is used.
As instance normalization with on-the-fly statistics could
not be computed at low latency, it is only used as a warm-
up for 100 epochs, and then removed while the models are
fine-tuned for 100 more epochs. Experiments are performed
on a NVIDIA A100 GPU with 40GB memory.

Evaluation metrics. The Endpoint Error is defined
as the L2-norm of the difference of the predicted vs.
groundtruth optical flow [6, 13, 20, 38]. We evaluate the
Sparse Endpoint Error (i.e. on pixels where there is at
least an event) for both Event prediction (selecting the
last event per groundtruth voxel) and Periodic prediction
(upsampling or downsampling the prediction to match the
groundtruth rate). In frame-based methods, the number of
operations per second is fixed (number of operations per
frames x frame rate). In event graph methods, the number
of operations per event is fixed, but the number of events

varies with time, therefore we use the average event den-
sity. The proposed architecture has both operations per
event and fixed operations per period, in the event and pe-
riodic branches, respectively. The latency of our method
on dedicated asynchronous hardware is estimated based on
the FPGA implementation for event graph building and pro-
cessing from [34], reporting a latency of 16 µs per event.
We estimate our latency at ≈ 50 µs, considering that our
graph building is similar and our number of operations per
event in the GNN is 3x higher than theirs (and so the la-
tency will be increased proportionally, given similar hard-
ware resources and configuration). We estimate the latency
of HUGNet [6] superior to 400 ms, as the method uses nor-
malization with graph-level statistics, and hence the predic-
tion cannot be made before the end of the sequence (400
ms in their experiments). The latency of frame-based meth-
ods is estimated to be in between 1 to 2 groundtruth frames,
depending on the speed of the computation, similar to our
periodic prediction (as explained previously in Fig. 2c).

4. Results

4.1. Comparison with State-of-the-Arts

We benchmark the proposed approach in terms of accuracy
and hardware efficiency metrics (number of parameters, op-
erations and latency) against state-of-the-art methods on
MVSEC (Table 1) and Rock Scenes (Table 2) datasets. We
evaluate our proposed HUGNet2 alone, and the proposed
combined architecture HUGNet2+PA with different period
rates. Note that we provide the Endpoint Error of the low-
latency Event prediction (and not of the Periodic predic-
tion). On both datasets, HUGNet2 has a lower accuracy
than HUGNet, but is also smaller (both in parameters and
operations), and its latency is decreased by 4 orders of mag-
nitude. Moreover, the proposed HUGNet2+PA outperforms
both HUGNet2 and HUGNet with a moderate increase in
the number of operations. We observe that the higher the
PA frequency, the higher the accuracy, up to a certain point
where the accuracy is no longer improved. This point de-
pends on the dataset and the speed of change of optical flow
with time. The rate corresponding to the groundtruth rate
for MVSEC (PA20), and to 1/5th of the groundtruth rate
for Rock Scenes (PA100) leads to the highest accuracy. On
MVSEC, the proposed approach yields lower accuracy than
state-of-the-art frame-based methods, however with a sig-
nificant reduction in computational complexity and param-
eters memory (48x less operations per second and 17x less
parameters than the state-of-the-art ADMFlow [20]). More
importantly, we are the first to propose a solution for ultra-
low latency, with 3 orders of magnitude reduction (from 10s
of ms to 10s of µs) compared to previous methods. There
is no state-of-the-art CNN methods on Rock Scenes, there-
fore we train ADMFlow [20] (at 20 Hz), the state-of-the-art
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Paper Type Endpoint Error Parameters OPs/event OPs/frame OPs/s Latencyb

EV-FlowNet [38] CNN 0.96c 14.1 M - 5.4 G 107.0 G 50-100 ms
Stoffregen et al. [30] CNN 0.64d n.a. - n.a. n.a. 50-100 ms
FireFlowNet [24] CNN 1.22 0.06 M - 5.1 G 102.8 G 50-100 ms
E-RAFT [13] CNN 0.62 5.3 M - 47.4 G 948.8 G 50-100 ms
STE-FlowNet [9] CNN 0.56 n.a. - n.a. n.a. 50-100 ms
DCEIFlow [33] CNN 0.51d n.a. - n.a. n.a. 50-100 ms
ADMFlow [9] CNN 0.49d 7.0 M - 47.5 G 950.2 G 50-100 ms
Spike-FlowNet [16] SNN 0.79c 14.1 M - 4.4 G 88.2 G 50-100 ms
SdformerFlow [31] SNN 0.85d 54.9 M - 9.1 G 181.9 G 50-100 ms
HUGNet [6] GNN 1.72a 0.14 M 0.22 M - 17.1 G > 400 ms

HUGNet2 GNN 1.89 0.07 M 0.18 M - 13.7 G ≈ 50 µs
HUGNet2+PA5 GNN + CNN 1.71 0.41 M 0.16 M 0.38 G 14.1 G ≈ 50 µs
HUGNet2+PA10 GNN + CNN 1.57 0.41 M 0.16 M 0.38 G 16.0 G ≈ 50 µs
HUGNet2+PA20 GNN + CNN 1.52 0.41 M 0.16 M 0.38 G 19.8 G ≈ 50 µs

Table 1. Optical flow on MVSEC dataset (groundtruth at 20Hz, 76k event/s). aOur implementation. bSee Section 3.3 for details. cTrained
with self-supervised loss. dTrained on synthetic data.

Paper Type Endpoint Error Parameters OPs/event OPs/frame OPs/s Latencyb

ADMFlow [20] (20 Hz) CNN 0.048a 7.0 M - 12.5 G 250 G 50-100 ms
HUGNet [6] GNN 0.037a 0.14 M 0.22 M - 3.6 G > 400 ms

HUGNet2 GNN 0.066 0.07 M 0.18 M - 2.9 G ≈ 50 µs
HUGNet2+PA20 GNN + CNN 0.040 0.41 M 0.16 M 63 M 3.8 G ≈ 50 µs
HUGNet2+PA50 GNN + CNN 0.033 0.41 M 0.16 M 63 M 5.7 G ≈ 50 µs
HUGNet2+PA100 GNN + CNN 0.030 0.41 M 0.16 M 63 M 8.8 G ≈ 50 µs

Table 2. Results on Rock Scenes dataset (groundtruth at 500Hz, 16k event/s). aOur implementation. bSee Section 3.3 for details.

method on MVSEC, on Rock Scenes, using the open source
code. Notably, our method outperforms ADMFlow on this
dataset, while being more efficient.

4.2. Low-latency Periodic vs. Event Predictions

We analyse the ability of the method to detect fast mo-
tion changes, and its dependence on application-related and
method-related factors. In particular, we study whether the
use of recent event information from the GNN and past con-
text information from the PA can be effectively merged,
such that the Event head can predict a more accurate out-
put while improving the latency of detection of fast mo-
tion changes. Therefore, we compare the Event prediction
(based on the output of the GNN and PA(T-2)) for events
in period T (Event), with the Periodic prediction for events
in period T-2 (Periodic(T-2)), both being available without
overhead in latency (in period T, Periodic(T-2) has been al-
ready computed). Event prediction is supposed to be avail-
able instantaneously here because its latency (50 µs) is very
small compared to a groundtruth timestep (2 ms).

Accuracy vs. number of operations. We evaluate

the two predictions in average accuracy compared with the
number of operations per second, depending on PA rate
(Fig 3). Note that we compare both outputs on the Sparse
Endpoint Error metric, because the Event prediction is only
sparse. We also provide the respective number of operations
per second per branch (Event vs. Periodic) to show their de-
pendence on the application. Indeed, event density is higher
in MVSEC, inducing more operations in the event branch,
but the PA rate is smaller, decreasing the number of opera-
tions in the periodic branch, while it is the opposite in Rock
Scenes. We observe a consistent error decrease (up to 59%)
in the Event prediction compared to Periodic(T-2) predic-
tion. This means that the Event head can effectively merge
both types of features (GNN and PA(T-2)) and leverage the
recent information contains in Event from the GNN, to im-
prove the prediction compared to Periodic(T-2) (only using
PA(T-2)). Notably, the Event prediction with low PA rate
(20 / 5 Hz for Rock Scenes / MVSEC respectively) matches
the accuracy of the Periodic(T-2) prediction with high PA
rate (100 / 20 Hz respectively), while reducing the number
of operations by 56% / 29% respectively. Moreover, the
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(a) Rock Scenes and (b) MVSEC. Operations per second per branch with different PA rates for (c) Rock Scenes and (d) MVSEC.

lower the PA rate, the higher the accuracy of Event com-
pared to Periodic(T-2) prediction, as the more Periodic(T-
2) is impacted by the 2 periods delay. Moreover, the gain
is higher on Rock Scenes than MVSEC, because very fast
motion changes occur (in one groundtruth frame, which is
at 500 Hz), while changes in MVSEC are much smoother.

Latency of detection of fast motion changes. We use
the Rock Scenes dataset to evaluate more specifically the
ability of the Event prediction to detect when a motion
change occurs. Indeed, the optical flow changes are clearly
visible and abrupt (in one groundruth timestep), therefore it
is ideal to observe the reaction time of the different predic-
tions. We show the error of Event and Periodic(T-2) pre-
dictions with time for HUGNet2+PA20 in Fig 4, with marks
indicating the precise moments of optical flow change. In
addition, visualisations of the corresponding optical flow
predictions and groundtruth with time are provided. We
can clearly see the impact of the delay on Periodic(T-2):
a motion change can be detected with a minimum of 1 to
2 frames delay (depending on whether the change occurred
at the beginning or end of the frame), meaning 50 to 100
ms for the PA at 20Hz, sometimes longer. On the other
hand, the Event prediction error also increases at the mo-
ment of the motion change, but then decreases faster than
the Periodic prediction. Interestingly, we observe that the
error of Event and Periodic branches are similar most of the
time, except after a motion change. This means that the
Event head can leverage GNN features on recent events to
differentiate from the Periodic branch outputs when there
is enough evidence that the optical flow has changed and
is not yet visible in PA(T-2). However, the Event predic-
tion takes some time to correct the optical flow prediction,
which is due to accumulating enough events to be able to
characterize precisely the new optical flow. In particular, we
observe that, after a motion change, the Event head predicts
a decrease in optical flow magnitude and then an increase
in the corrected direction (which would better correspond
to a real-life situation, while in the dataset, the change is
instantaneous).

Comparison with ADMFlow [20]. The evolution of
sparse Endpoint Error with time of the ADMFlow [20] pre-
diction (our implementation, at 20 Hz) at T and T-2 is
compared with our Event prediction in Fig. 5. Just af-
ter a change, ADMFlow(T) is better than Event, because
it has access to the event data in the frame that occurred
after the change. However, using ADMFlow(T-2) predic-
tion, we observe the lag after a change (as our Periodic(T-
2)). On average, our Event prediction is better than both
ADMFlow(T) and ADMFlow(T-2). We hypothesize that
this is partly due to to the extreme data sparsity in Rock
Scenes (1.6 event/pixel/s). While ADMFlow is designed to
take only 2 event aggregation periods as inputs for the pre-
diction, our recurrent PA module functions over the entire
sequence. Hence out method can accumulate information
in longer periods, which improves the prediction accuracy
when the motion is constant for a while. Nevertheless, the
inherent limitation of frame-based methods remains valid:
the lag between the emission of the event and the moment
when the prediction is available impacts the latency of de-
tection of fast motion changes.

4.3. Discussion

Our method addresses the multi-factorial trade-off between
accuracy, latency and computational cost, which are im-
pacted by many aspects. For instance, the larger the differ-
ence between the speed of motions to detect and the peri-
odic aggregation rate, the larger the benefit of our approach
leveraging events compared to a periodic output. There-
fore, our method is expected to provide the largest benefits
when the application requires to detect fast motions, that the
frame rate of a frame-based method could not match for ef-
ficiency reasons. In this case, our method can detect those
fast changes while maintaining a low rate of periodic ag-
gregation. As shown previously, the accuracy of the Event
prediction of HUGNet2+PA with PA at 5Hz (respectively
20Hz) matches the Periodic(T-2) predictions at 20Hz (re-
spectively 100Hz) in MVSEC (respectively Rock Scenes),
showing that our approach is highly efficient in terms of
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accuracy and number of operations compared to a periodic
output at low latency.

Notably, our method is also impacted by the event den-
sity, which varies with time, including in similar environ-
ments, as event density depends on the motion in the scene.
Indeed, higher event density can provide more information
about optical flow, thus improving the accuracy, but also in-
creases the computational cost of the Event branch. More-
over, not using event pooling in the GNN (only performing
feature pooling in the Periodic branch) also limits the scala-
bility of the GNN under power constraints, as the number of
operations in every layer is impacted by the original event
density. That is why our GNN uses a costly graph convo-
lution layer only in the first layer, where the input size is
small, to mitigate the number of operations. On the other
hand, not pooling events also allows more predictions, as
the Event branch outputs event-level predictions, which al-
lows to faster adapt the optical flow estimation. Our PA
module could be scaled for improving accuracy, by integrat-
ing more convolutional layers, other types of aggregation

operations (e.g. correlation volumes), and iterative refine-
ment [13], at the cost of more operations per frame.

Furthermore, the benefit of our method not only depends
on the application constraints (such as fast changing optical
flow or event density), but also on the ability of the Event
head to effectively leverage both GNN and PA outputs. In-
deed, the Event head should be able to detect a potential
mismatch between the two types of features, indicating that
recent event features should dominate over the PA features.
Therefore, future work could study the choice of the merge
function and the architecture of the Event head to better in-
terpret both features. Our method could also be extended
to support image inputs in addition to events, in the multi-
modal scenario where an event camera and RGB camera are
coupled to improve the overall prediction accuracy (similar
to [12]). In this case, the image inputs would be processed
by the periodic branch, in addition to taking inputs from the
event branch.

5. Conclusion

We propose an efficient solution for optical flow estima-
tion from event-based cameras at ultra-low latency and with
minimal computational cost. Our solution combines event
graph neural networks enabling low-latency per-event pre-
diction, with a periodic aggregator module extracting con-
text information, improving the accuracy of the event pre-
diction without introducing latency to the event computa-
tion flow. Remarkably, our approach is the first to estimate
optical flow with an estimated latency of 10s of µs on asyn-
chronous hardware, which represents a gain of 3 orders of
magnitude compared to previous methods. We show that
the method can detect abrupt motion changes faster than a
periodic output, which may be critical for safety-related ap-
plications. This represents an important step towards ultra-
low latency and low-power event-based vision.
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