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Abstract

Lip-reading is to utilize the visual information of the
speaker’s lip movements to recognize words and sentences.
Existing event-based lip-reading solutions integrate differ-
ent frame rate branches to learn spatio-temporal features of
varying granularities. However, aggregating events into event
frames inevitably leads to the loss of fine-grained temporal
information within frames. To remedy this drawback, we pro-
pose a novel framework termed Multi-view Temporal Gran-
ularity aligned Aggregation (MTGA). Specifically, we first
present a novel event representation method, namely time-
segmented voxel graph list, where the most significant local
voxels are temporally connected into a graph list. Then we
design a spatio-temporal fusion module based on temporal
granularity alignment, where the global spatial features ex-
tracted from event frames, together with the local relative
spatial and temporal features contained in voxel graph list
are effectively aligned and integrated. Finally, we design a
temporal aggregation module that incorporates positional en-
coding, which enables the capture of local absolute spatial
and global temporal information. Experiments demonstrate
that our method outperforms both the event-based and video-
based lip-reading counterparts.

Code — https://github.com/whu125/MTGA

Introduction
With the continuous advancement of human-computer in-
teraction technology, lip reading as a silent form of com-
munication has attracted widespread attention. Existing lip-
reading approaches are typically based on video inputs
(Sheng et al. 2024), which are required to be high resolu-
tion. Poor performance may be obtained when the video is
blurry or involves rapid movement.

Event cameras (Gallego et al. 2020), as innovative visual
sensors, can capture changes in pixel brightness at the mi-
crosecond level, producing an event stream output. Their
sensitivity to motion and ability to reduce redundancy make
them well-suited for lip-reading tasks that require capturing
fine-grained features and lip movements.

*These authors contributed equally.
†Corresponding author.

Copyright © 2025, Association for the Advancement of Artificial
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There exist many event-based recognition approaches.
For example, the event streams are represented as point
clouds in (Wang et al. 2019) to preserve maximal infor-
mation, but the computational cost may be very high for a
large number of events. Li et al. (Li et al. 2021a) employ
neighboring graph structures to capture of local correlations,
yet lip-reading task may introduce an excessive number of
nodes and edges, and thus make the feature extraction diffi-
cult. Some other approaches assemble asynchronous events
into group tokens (Peng et al. 2023), based on timestamps
and polarity. This can efficiently reduce feature dimension
but do not adequately exploit the temporal information, ren-
dering them less effective for lip-reading task that demands
a focus on subtle temporal variations.

A recent lip-reading approach based on event camera is
presented in (Tan et al. 2022). In this approach, the event
points within a set of time are aggregated into a single frame,
so that the video processing strategies can be employed.
However, during the talking, lips often change subtly and
rapidly, and using image frame for representation may ob-
scure these detailed variations. Tan et al. (Tan et al. 2022)
alleviate this issue by developing a Multi-grained Spatio-
Temporal Features Perceived (MSTP) Network that merges
features learned from two branches with different frame
rates through a Message Flow Module (MFM). However,
MSTP only aggregate the events into frames, and hence in-
evitably leads to the loss of intra-frame local information.

To remedy this drawback, we propose a novel multi-view
learning method termed multi-view temporal granularity
aligned aggregation (MTGA) for event-based lip-reading.
In particular, we first represent the events from two differ-
ent viewpoints, as shown in Figure 1. One view is to ag-
gregate the events into event frames at an appropriate tem-
poral segment following (Tan et al. 2022), and convolu-
tion is applied to extract global spatial features. The other
view is to partition the event flow (at the same temporal
segment as the first view) into a voxel grid within a three-
dimensional space. Within each time segment, we construct
a three-dimensional geometric neighboring graph using the
most informative voxels. The resulting local graphs are tem-
porally connected to form a graph list, which are utilized to
extract critical local details and contextual correlations using
Gaussian Mixture Model convolutions (Li et al. 2021a).
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Figure 1: The two event representations we adopt. (Left) An
event frame is obtained by integrating event points within
a certain temporal range in the event stream. (Right) Af-
ter dividing the event stream into a voxel grid in three-
dimensional space, a three-dimensional geomeric neighbor-
ing graph is constructed at regular time intervals, resulting
in a voxel graph list used for event representation.

Our designed voxel graph list are temporally aligned
with the event frames, and then we devise a fusion mod-
ule that combines features extracted from both branches
through convolution within each temporal segment. Due to
the stronger spatio-temporal connectivity, the voxel graphs
can serve as supplement to the global spatial information
extracted from the event frame, and thereby result in more
discriminative spatio-temporal features.

Finally, we propose a temporal aggregation module to
combine the obtained features of different temporal seg-
ments. This is achieved by introducing the idea of positional
encoding adopted in Transformer (Vaswani et al. 2017).
When constructing the voxel graph, the absolute position in-
formation of the voxel in the events is discarded. Therefore,
to capture the local absolute spatial information, the voxel
coordinates are utilized to obtain absolute positional features
through positional encoding. The result embeddings are ap-
pended to the temporal segment features and fed into the Bi-
GRU and Self-Attention layers to exploit the global tempo-
ral information. We verify the effectiveness of our proposed
method on the DVS-Lip (Tan et al. 2022) dataset, and the
experiments demonstrate that our model can significantly
outperform the state-of-the-arts in the field of event-based
lip-reading recognition. For example, we obtain a 4.1% rel-
ative improvement in terms of overall accuracy compared
the most competitive counterpart. In addition, we conducted
experiments on the DVS128-Gait-Day dataset, and the ex-
perimental results proved that our model has good general-
ization performance.

In summary, the main contributions of our work are as
follows:

• We propose a novel representation method for event
streams termed temporal segmented voxel graph list,
which can effectively exploit the local spatio-temporal
correlations.

• We design a temporal granularity aligned fusion module,
which combines the voxel graph list features and frame
features within each temporal segment, thereby obtaining

more discriminative spatio-temporal features.
• We design a temporal aggregation module, which can

capture the local position and global temporal informa-
tion.

• To the best of our knowledge, MTGA is the first work
in the field of event-based lip reading that combines fea-
tures from multiple views.

Related Work
Lip-reading
Lip-reading aims to understand what the people say accord-
ing to the lip and facial movements. Traditional lip-reading
approaches extract handcrafted features and adopt classic
classifiers for words recognition (Anderson et al. 2013; Kim
et al. 2015). Recently, some deep learning-based recogni-
tion networks are proposed for lip-reading. Front-end of
the network is used for feature extraction and some com-
monly utilized backbones are CNNs (Li et al. 2021b; Sheng
et al. 2021a; Feng et al. 2020), GCNs (Sheng et al. 2021b;
Liu, Chen, and Yang 2020; Zhang and Zhao 2021), and Vi-
sual Transformers (Prajwal, Afouras, and Zisserman 2022;
Wang 2019; Han et al. 2022). In the back-end, RNNs (Luo
et al. 2020; Zhao et al. 2020; Xiao et al. 2020), Trans-
former (Afouras et al. 2018; Zhang, Cheng, and Wang
2019; Vaswani et al. 2017), and TCN (Martinez et al. 2020;
Afouras et al. 2018) are usually adopted to aggregate tempo-
ral information. For instance, Feng (Feng et al. 2020) et al.
chose the typical RNN-based Bi-GRU as the back-end net-
work for lip-reading, where Bi-GRU’s strong context learn-
ing and sequence modeling capabilities are effectively lever-
aged for word recognition. Martinez (Martinez et al. 2020)
et al. proposed a Multi-Scale Temporal Convolutional Net-
work (MS-TCN) structure, which is able to capture long-
term dependency. Most of the existing lip recognition ap-
proaches are video-based. These approaches are limited in
that the video resolution may be not enough to capture some
subtle movements and the videos may contain motion blur.
Inspired by (Tan et al. 2022), we proposed a method based
on event streams, which often contains more rich informa-
tion than videos.

Event-based Recognition
Event camera is a groundbreaking visual sensor, where each
pixel independently detects changes in luminance instead
of capturing fixed-interval full-image frames (Gallego et al.
2020). When the brightness change of a pixel exceeds a pre-
set threshold, the event camera generates an event point that
includes the pixel’s location, timestamp, and the polarity in-
dicating the change in brightness. This allows for the capture
of visual information at a high temporal resolution and pro-
vides a broad dynamic range. In the lip-reading application,
high temporal resolution of event cameras is crucial for de-
tecting subtle motion, and the sensitivity to motion makes
them to particularly suitable to capture lip movements.

In event-based recognition, a representative work is pre-
sented in (Zhu et al. 2019), where the event stream is seg-
mented by timestamps, and the event points within a cer-
tain timestamp range are unified to induce a single time
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point, resulting in ’event frames’ similar to image frames.
The event streams can also be regarded as point clouds, and
a representative work is conducted by Wang (Wang et al.
2019) et al., which utilized PointNet for gesture recogni-
tion. Another solution for event-based recognition is to in-
tegrate time and polarity information with tokens to rep-
resent events (Peng et al. 2023), and this facilitates effec-
tive feature communication and integration in the spatial and
temporal-polarity domains. In (Jiang et al. 2023), the events
are represented as both point clouds and voxels, which are
then constructed as graphs for feature extraction and com-
bination using a graph network. These event-based recog-
nition approaches are used for the recognition of static ob-
jects or actions of short duration, and the temporal infor-
mation are not exploited and thus cannot achieve satisfac-
tory performance in the lip-reading task during a long time
range. As far as we know, the first lip-reading work based
on event data is conducted by Tan et al. (Tan et al. 2022),
where a multi-granularity spatio-temporal feature percep-
tion network is designed to exploit the temporal information
to some extent. However, the events are only represented as
event frames in (Tan et al. 2022), and thus the fine-grained
information within frames cannot be exploited. This issue
is addressed in this paper by integrating information from
mulitple views.

Methodology
Framework Overview
In this paper, we present a multi-view learning method for
event-based lip-reading, and an overview of the proposed
framework is shown in Figure 2. In the following, we will
depict each module.

Multi-view Event Representation
Event Frame. Converting the event stream into frames
requires an intermediary, and a suitable choice is to en-
code the event stream into a spatio-temporal voxel grid (Zhu
et al. 2019). For the event camera output, the event stream
ε = {(xn, yn, tn, pn)}Nn=1 includes x, y direction coordi-
nate, time and polarity. we discrete the timestamps of the
event stream into T time intervals through normalization.
Each event point weights its polarity according to tempo-
ral proximity and is contributed to the two closest time in-
tervals. The event frames V (t, x, y) are generated using the
method described in (Tan et al. 2022).In our work, we divide
the event stream into 60 event frames to represent the event
stream.

Voxel Graph List. Another representation method ini-
tially maps the event data onto discretized voxels in a three-
dimensional space. This approach enhances the capture of
the events’ spatial positioning and distribution information.
To aggregate the event points while preserving polarity fea-
tures, we convert the voxels into graph nodes, with the event
points’ polarities serving as the feature matrix of the nodes.

To align with event frames in the temporal dimension and
supplement the temporal information within each frame, we
first normalize time over n ∗ T (n=3 in our work), dividing

the three-dimensional space sized (n ∗ T,H,W ) into vox-
els with each voxel sized (1, h, w), where H and W denote
the spatial capture range of the event camera. . The three-

dimensional space is respectively partitioned into (n∗T, H
h

,
W

w
) segments. After ensuring temporality aligned, each

event frame corresponds to n ∗ H

h
*
W

w
voxels.

To reduce computational load, we select the k voxels with
the highest number of event points per frame as graph nodes,
denoting Oi ∈ (oi1...oik) as the chosen voxels. We se-
lect K event points within each voxel to obtain their po-
larity matrix as node features a ∈ RK , thus each graph
node is described by oij ∈ (tij , xij , jij , aij). An edge ex-
ists between nodes when the Euclidean distance between
their three-dimensional coordinates [ti, xi, yi] is less than
threshold R, using this Euclidean distance as the edge fea-
ture, and the edge set is defined as Ei. The edge feature set
Wi ∈ Rnumedges is obtained by taking the Euclidean dis-
tance as the feature of the edges. Represent the i−th frame
corresponding to the geometric neighboring graph with k
nodes as gi ∈ (Oi,Ei,Wi).Then the voxel graph list is rep-
resented as g = [g1...gT ]. In Figure 2, the voxel graph list
maintains consistency with the event frames in the temporal
dimension, and the three-dimensional geometric neighbor-
ing graph also compensates for the loss of intra-frame tem-
poral information. Selecting voxels with with a higher count
of points as nodes also emphasizes key local features.

Feature Extraction
Event frames can reflect the overall spatio-temporal infor-
mation of the event stream but overlook the timestamp dif-
ferences within a single frame, and they lack advantages
in capturing local changes in the image. In contrast, voxel
graph list maintain temporal associations within a frame,
and the selection of graph nodes highlights areas with sig-
nificant local changes, effectively representing the temporal
information and local features within a frame. Consequently,
we design a dual-branch network that extracts features from
both image frames and voxel graph list. These features are
then input into a feature fusion module, which concurrently
perceives the global spatial and local spatio-temporal fea-
tures.

Event Frame Feature Extraction. In the branch of the
event frame, we select ResBlock (He et al. 2016) as the
core feature extractor to capture characteristics. ResBlock,
centered around CNN, employs residual connections to cir-
cumvent gradient issues and is extensively utilized in fea-
ture extraction of image frames. The event frame f is ini-
tially subjected to convolution to acquire feature F f

in ∈
RT∗Cf

in∗H
f
in∗W

f
in , which is then processed through Res-

Block to yield feature F f
out ∈ RT∗Cf

out∗H
f
out∗W

f
out , as de-

picted below:

F f
out = ResBlock(F f

in). (1)

Voxel Graph List Feature Extraction. In the branch of
the voxel graph list, for the graph gi within the list, con-
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Figure 2: The architecture of our proposed network. The model is divided into three components: (1) Event representation,
which describes the events from two different viewpoints, i.e., event frames and voxel graph list; (2) Feature extraction and
fusion, which extracts features for the two views separately, and combines them through a temporal granularity aligned fusion
module; (3) Temporal backend network, which aggregates the global temporal information.

sidering its node oi = ((xi, yi, ti),ai) where ai represents
the feature vector, we utilize GMMConv (Monti et al. 2017)
and a GCNBlock with a residual structure to extract the
spatio-temporal features of the collective neighboring graph.
GMMConv employs a set of Gaussian kernels to perform
convolution operations on each node in the graph and its
neighbors. The GCNBlock is expressed as follows:

F g
res = GMMConv(F g

in), (2)

F g
out = ELU(F g

res +GMMConv(ELU(BN(F g
res)))),

(3)
where F g

in ∈ RT∗Ng
in∗C

g
in represents the initial features ob-

tained from the voxel graph list g after the convolution with
the Gaussian Mixture Model, and F g

out ∈ RT∗Ng
out∗C

g
out

is the output feature after passing through the GCNBlock.
GMMConv() denotes the Gaussian Mixture Model convo-
lution operation, which computes new node features based
on node features Ai, edge indices Ei, and edge attributes
Wi. BN() stands for batch normalization, and ELU() is
the activation function applied to the output of the convolu-
tion.

Feature Fusion
After obtaining the event frame and voxel graph list features,
we design a fusion module centered around an iterative fu-
sion mechanism in the fusion model for deeply integrating
the event frame features and voxel grid features. This fu-
sion model fully utilizes the complementary nature of these
two types of features. Within the fusion module, based on
the consistency of the features in the time dimension, we
adopted temporal granularity alignment fusion approach. As
illustrated in the Figure 3, for each event frame, a voxel grid
from the same time segment is selected. The voxel graph list
features are dimensionally expanded to adapt to the size of
the event frame features, and then convolutional and residual
modules are added to maintain the integrity of the informa-
tion during the feature fusion process. The algorithm of the

fusion module is as follows:

Fres = Concat(F f
out, Conv(F g

out)), (4)

F fus
out = ELU(BN(Conv(Fres))) + Fres, (5)

where F f
out and F g

out represent the output features of the
previous module, serving as the input features of the fusion
module. F fus

out represents the output of the fusion module.
To fully explore the contextual associations and deep

fine-grained information of the features while retaining the
coarse-grained features presented by the frame features, we
utilized an iterative strategy. In our configured N-layer (N=4
in our work) fusion model, each layer contains a fusion mod-
ule. As shown in the feature extraction and fusion section of
the Figure 2, the output features of the previous layer’s fu-
sion module are processed through a ResBlock for feature
extraction, and re-entered into the fusion module together
with the voxel grid features processed by the GMMBlock.
Through multiple iterations, the features of the two branches
are continuously fused, thereby realizing the role of voxel
grid contextual features and local features in guiding the
overall feature learning of the event frame. The complete
iterative fusion block is represented as follows:

F fus
i =FM(ResBlock(F fus

i−1 ), GCNBlock(F g
i−1)) (6)

Fout = F fus
N , (7)

where F fus
i denotes the output of the fusion module after

the i-th iteration, Fout denotes the fused features of the final
output and FM refers to FusionModule.

Temporal Backend Network
In this section, we propose a temporal back-end network
based on Bi-GRU and Self-Attention with positional encod-
ing. We first incorporate positional encoding using graph
convolution to capture the absolute position information of
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Figure 3: Illustrations of our designed two modules. (Left) The temporal granularity aligned fusion module. At each time step,
the voxel graph node features are convolved to the same shape and then merged. The merged features achieve the fusion of
spatio-temporal features through convolution and residual block. (Right) The temporal aggregation module. Extract features
from the original voxel according to encoding, and then concatenate them with the sequence model, aggregating temporal
information through Bi-GRU and Self-Attention layers.

nodes. This information is then concatenated with the spatio-
temporal features obtained in the previous section. Subse-
quently, the Bi-GRU is employed to learn the temporal fea-
tures of the feature sequences and contextual associations.
Finally, the Self-Attention module is utilized to emphasize
important temporal divisions.

Due to the properties of graph structures, graph convo-
lution can only capture the relative positional relationships
between nodes, corresponding to local spatio-temporal fea-
tures in three-dimensional coordinates. As nodes’ voxels are
crucial local features, in order to capture the absolute po-
sition information of nodes, we apply positional encoding
to the nodes before the temporal module. Specifically, we
replace the polarity in voxel graph with the coordinates of
nodes in the voxel grid as node features. This incorporation
of node positions within the voxel grid allows the model to
comprehend the spatial arrangement of nodes in the voxel
grid, thus enhancing the discrimination ability of similar
graph structures.

In the selection of temporal aggregation modules, similar
to previous work (Tan et al. 2022), we employ Bidirectional
Gate Recurrent Units (Bi-GRU) to further aggregate tem-
poral information, obtaining feature sequences containing
temporal information. Through visual analysis, we observed
variations in the number of event points across different tem-
poral divisions. To ensure the model focuses on crucial se-
quences, we integrate a Self-Attention module to learn atten-

tion weights for each temporal division. These weights are
then used to weight the feature sequences accordingly. The
computation of the complete temporal back-end network is
as follows:

Encodepos = GMMConv(V oxelGraphListcoor), (8)

Watt = Softmax(
QKT

√
dk

)V, (9)

P = Softmax(FC(GAPt(Bi(Cat(Encodepos, Fout) ∗ Watt)))), (10)

where V oxelGraphListcoor represents voxel graph list
with coordinates used as node features. Encodepos repre-
sents the positional encoding obtained. Q, K, and V re-
spectively represent the queries, keys, and values in Self-
Attention. dk denotes the dimensionality of the feature vec-
tors, Watt stands for the Self-Attention weights, and P sig-
nifies the output probabilities for each word in the vocabu-
lary.

Experimental Evaluation
Evaluation Datasets
DVS-Lip. Acknowledging the significant contribution of
Tan (Tan et al. 2022) et al. to event-based lip-reading tasks,
we utilize the DVS-Lip dataset they compiled, which is fo-
cused on lip-reading of words through an event camera. This
dataset, gathered using event camera DAVIS346, is based
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on selecting words from the conventional camera-based lip-
reading dataset LRW, including words that are often con-
fused. It comprises event streams and intensity images for
100 words, with the lip region extracted within a 128*128
range. The validation of our model will be conducted us-
ing the DVS-Lip dataset, which will facilitate a comparison
between our method and other approaches, highlighting our
method’s superiority.

DVS128-Gait-Day. To demonstrate the generalization ca-
pability of the models, we also conducted experiments
on this dataset. The DVS128-Gait-Day(Wang et al. 2021)
dataset contains 4,000 gait event samples from 20 volun-
teers,who are asked to walk normally 100 times in front of
a DVS128 sensor mounted on a tripod at approximately 90
degrees to the walking direction.

Experimental Results
Since we utilized the same dataset and evaluation method
as MSTP(Tan et al. 2022), we selected MSTP for compar-
ison. Additionally, we compared our method with some of
the most advanced video or event-based action recognition
and object recognition methods to demonstrate the superior-
ity of our approach in the lip-reading task.

Our experimental results, along with those of other meth-
ods, are presented in Table 1. The table illustrates that our
Multi-view Temporal Granularity Aligned Aggregation sig-
nificantly outperforms other action and object recognition
methods in lip-reading tasks. This is primarily because the
key to lip-reading is recognizing the syllable changes caused
by lip movements. Recognition methods for objects gener-
ally lack the ability to capture local temporal features and
struggle with lip-reading tasks that have a long time axis.
Our method also surpasses the MSTP structure on the same
dataset, indicating that our voxel graph list effectively com-
pensates for the intra-frame temporal information lost dur-
ing the temporal normalization of event frames. The struc-
ture of the voxel graph emphasizes the areas with a higher
density of event points, adding local details to the overall
features. Furthermore, the feature vectors representing the
graph nodes effectively replenish some of the polarity infor-
mation lost due to polarity weighted encoding.

In addition, we conducted experiments on the DVS128-
Gait-Day dataset. As this is an event action stream dataset,
we made a fair comparison with MSTP. The experimen-
tal results showed that under the same number of training
epochs, MTGA achieved better performance. This proves
that MTGA has broad applicability.

Ablation Studies
Effects of Branch. We compared our fused model with in-
dividual branches in Table 3:(1) Only Event Frame Branch:
this branch solely involves feature extraction for each frame
of the event image. (2) Only Voxel Graph List Branch: this
branch exclusively focuses on feature extraction from the
temporally segmented voxel graph list. According to Table
3, both branches perform less effectively compared to the
fused model. The Event Frame Branch, using CNN, loses
temporal detail due to frame aggregation. The Voxel Graph

List Branch, capturing temporal features with GMMConv, is
less efficient and generalized than CNN. The data show that
the accuracy of the Voxel Graph List Branch is only 70.03%,
which is 1.68% lower than the Event Frame Branch, and
the higher accuracy among the two branches is 3.37% lower
than the accuracy of the fused branch.

Effects of Fusion Methods. We further explored the im-
pact of different fusion methods. We set up a comparison
among three fusion approaches: (1) Overall feature fusion
based on given weights, (2) Feature fusion based on the at-
tention mechanism, (3) Fusion based on temporal granular-
ity alignment. The first method combined features linearly
with fixed weights, a simple approach that lacks adaptabil-
ity. The second employed an attention mechanism to dynam-
ically allocate feature importance, enhancing adaptability.
The third is the fusion based on temporal granularity align-
ment we introduced earlier, where the features of each frame
are considered and fused individually, maintaining temporal
details and dynamic changes. Table 4 displays our experi-
mental results. It shows that the accuracy of the first fusion
method is only 71.26%. The accuracy of the second fusion
method is 72.51%. Although the attention mechanism can
adaptively focus on the most useful features according to the
context, in the lip-reading task where the front-end and back-
end tasks are separated, the front-end feature fusion consid-
ers information within asynchronous time, which adversely
affects the feature extraction at each timestep, leading to a
decrease in accuracy. The experimental results further illus-
trate that our fusion method is the most effective in handling
such time-series data.

Effects of Temperal Aggregation Module. Our approach
integrates a Bi-GRU and Self-Attention model with po-
sition encoding, enhancing the back-end network beyond
the Bi-GRU used in (Tan et al. 2022). Position encoding
enriches the node positions absent in the front-end net-
work. The Bi-GRU captures temporal dynamics and con-
textual links, followed by Self-Attention to weigh each time
step.We conducted ablation experiments to verify the effec-
tiveness by controlling whether to use position encoding and
the Self-Attention module. The experimental results in Table
5 demonstrate that compared to using only Bi-GRU (M1) as
the back-end network, the accuracy is improved by 0.59%
with position encoding (M2), 1.31% with the Self-Attention
module (M3), and 1.52% with both modules combined. It
can be concluded that position encoding can indeed pro-
vide additional information, and Self-Attention can help our
model focus on more important parts.

Qualitative Analysis
Visualization of Frontend Network. To showcase the ex-
cellent effects of front-end feature extraction and fusion net-
works, we applied Grad-CAM (Selvaraju et al. 2017) to our
model using samples from the DVS-Lip test dataset. The re-
sults from Grad-CAM vividly illuminate the visual saliency
areas by computing gradients with respect to a specific class.

As shown in Figure 4, we present two examples to demon-
strate the effectiveness of our model. With 60 bins, we se-
lected one event frame image every 10 bins, where the top
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Model Representation Acc1(%) Acc2(%) Acc(%)
Event Clouds (Wang et al. 2019) point clouds 35.82 48.51 42.15

EST (Gehrig et al. 2019) event spike tensor 40.91 56.45 48.66
ACTION-Net (Wang, She, and Smolic 2021) video frame 58.32 79.41 68.84

Martinez et al. (Martinez et al. 2020) video frame 55.60 75.46 65.51
AGCN (Jiang et al. 2023) (point,voxel) 55.52 80.47 67.74
GET (Peng et al. 2023) group token 58.96 80.82 69.80
MSTP (Tan et al. 2022) event frame 62.17 82.07 72.10

MTGA (event frame,voxel graph) 63.90 86.38 75.08

Table 1: Comparisons with existing event-based models and the state-of-the-art video-based models on the DVS-Lip test set.
Acc1 represents the accuracy achieved on the first subset of the test data, Acc2 corresponds to the accuracy on the second
subset, and Acc indicates the overall accuracy across the entire test dataset.

Figure 4: Visualization of the saliency maps for words (a) “education” and (b) “tomorrow”.

Model Epoch Acc(%)
MSTP 10 90.28
MTGA 10 95.42

Table 2: Comparison results of different models on the
DVS128-Gait-Day dataset.

Branch Acc1(%) Acc2(%) Acc(%)
Event Frame 60.05 83.81 71.71

Voxel Graph List 57.45 83.12 70.03
Ours 63.90 86.38 75.08

Table 3: Ablation study of adopting different branches.

Fusion Method Acc1(%) Acc2(%) Acc(%)
Weight 59.39 83.63 71.26

Attention 60.28 85.22 72.51
Ours 63.90 86.38 75.08

Table 4: Comparison of different fusion model.

Model PEB AM Acc(%)
M1 ✗ ✗ 73.56
M2 ✓ ✗ 74.15
M3 ✗ ✓ 74.87

MTGA ✓ ✓ 75.08

Table 5: Ablation study of adopting temperal aggregaion
moudle.PEB refers to Position Embedding, and AM refers
to Self-Attention Mechanism.

row shows the input original images, and the bottom row
displays the overlaid images with heatmaps generated by ap-
plying Grad-CAM to the last network layer. It is observable
that, after the fusion of the two branches, our model focuses
on the most crucial local information in the images, while
also attributing certain weight to the scattered points around
the edges, representing the global information.

Conclusion

In this paper, we propose a model named MTGA, wherein
the feature of a large number of event data are extracted
from multiple views. Through our designed Temporal Gran-
ularity aligned Fusion Module, the fused features simultane-
ously possess global spatial and local spatio-temporal infor-
mation, addressing the issue of feature loss caused by previ-
ous single-frame aggregating methods. Experiments on the
DVS-Lip dataset validate the superiority of our model. From
the results, we mainly conclude that: (1) Each branch of the
model has the ability to capture different features, and our
fusion module effectively integrates them.; (2) Our fusion
approach has a competitive advantage over other methods;
(3) Our supplementary position encoding and Self-Attention
effectively improve the aggregation effect of the back-end
network. In the future, we intend to integrate other event
views and further explore fusion strategies to enable the
model to comprehensively reflect the features. Additionally,
we also aims to enhance the model’s generalization perfor-
mance to effectively handle other event recognition tasks.
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Sheng, C.; Pietikäinen, M.; Tian, Q.; and Liu, L. 2021a.
Cross-modal self-supervised learning for lip reading: When
contrastive learning meets adversarial training. In Proceed-
ings of the 29th ACM International Conference on Multime-
dia, 2456–2464.
Sheng, C.; Zhu, X.; Xu, H.; Pietikäinen, M.; and Liu, L.
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