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Abstract—Visual and auditory modalities both contain a large
amount of rich information about audio-visual events. While the
human perception system can effectively fuse the information
of the dual modalities in recognizing events, it is still an open
issue how to effectively integrate dual-modal information for the
task of automatic localization of audio-visual events in videos.
In this paper, we propose an audio-visual long-term correlation
network to capture the longer correlation of audio and visual
features, which is underused by existing methods. To this end, we
first propose the time-spatial guided attention (TSGA) module,
which locates the spatial region of the audio-visual events in the
video and focuses on continuous changes in that location. We
then propose the positive time residual fusion (PTRF) module,
which encodes the temporal correlation matrix of video and
audio, and uses residual fusion to combine audio and visual
features. We finally evaluate our method for the fully supervised
and weakly supervised tasks on the AVE dataset. The results
prove the superiority of our method over its counterparts.

Index Terms—audio-visual event, time-spatial guide, temporal
correlation, residual fusion.

I. INTRODUCTION

Hearing and vision, as the two types of perceptions that
contain the most abundant information, play an important
role in the perception system. With the help of audio and
visual information, human perception system can effectively
combine information to complete complex tasks [2]. Imitating
the human perception system, audio-visual learning [24] uses
two modalities of audio and visual to complete a variety of
practical tasks that cannot be solved by a single modality, such
as audio-visual speaker verification [14], audio-visual emotion
recognition [1], talking face generation [22]. However, visual
and audio do not always assist each other. In unconstrained
video, the subjects of visual and audio events might do not
correspond, which makes event recognition challenging. Being
aware of such challenge, Tian et al. [16] proposed a task
of audio-visual event (AVE) localization, which refers to the
use of audio and visual features to locate events that are
both visible and audible in temporal sequence. As shown in
Figure 1, the task of audio-visual event localization not only
requires distinguishing events and backgrounds in complex
environments, but also requires that the identified events
must simultaneously appear in visual and audio modalities.
Therefore, how to detect the region where the event is located
in the visual modality and to distinguish whether the dual-

modal features are consistent in the audio-visual event are
crucial to this task.

Fig. 1. Illustration of audio-visual event localization. The event is playing
accordion which must be both visible (the subject of accordion is present) and
audible (the sound of accordion is present), only 6-9 segments are annotated
as ground truth (GT). The heat maps illustrate the attention of our proposed
method.

Previous AVE localization methods [11], [18] mostly focus
on combining the intra-modal and inter-modal features of
visual and audio to improve spatial region localization. Yet,
localization of the visual space region is also affected by
the dual-modal fusion module. Therefore, for improving the
performance of fusion modules, some methods [3], [19]–
[21] exploit cross-modal co-attention to explore temporal
correlation and synchronous pairing of audio and visual.
However, they do not consider eliminating the interference
of uncorrelated paired audio-visual segments in the fusion of
features. Zhou et al. [22] proposed positive sample propagation
(PSP) to cut low correlation connections. Despite its promising
performance, PSP requires additional supervision signals, and
does not consider optimizing the location of visual space
region. Moreover, all the above methods fail to consider the
continuous changes of the region where the event is located
on successive time segments.

In this paper, we argue that the variation of the event
region during the duration of the event can help distinguishing
between background and event, and such variation can be
exploited by considering long-term correlation in the video.
We thus propose an audio-visual long-term correlation network
for audio-visual event localization, which includes two key
novel modules, time-spatial guided attention (TSGA) module



Fig. 2. Overview of our proposed audio-visual long-term correlation network. We extract audio and visual features from two CNN backbones. The TSGA
utilizes the spatial and temporal relation information of audio and visual to focus on visual spatial area. Then the temporal feature on the single modality is
encoded by LSTM. The PTRF consists of a few fully connected layers that encode features to find which audio and visual pairs are relevant to the event
via setting a threshold filters out the weights of low correlation pairs, and then fuse audio and visual features by cross-modal residual structure. Finally, the
fusion feature is passed to classification modules to implement fully-supervised or weakly-supervised AVE localization.

and positive time residual fusion (PTRF) module. TSGA
combines audio and visual features to focus on the spatial
region of the visual. Before generating the visual spatial region
attention map, TSGA generates a temporal weight matrix
for the spatial attention map of the temporal segments by
considering the temporal correlation between visual and audio.
This weight matrix updates the spatial attention maps of all
time segments so that all attention maps focus on the same
region where the event may occur. In this way, the subsequent
network will learn the changes of specific regions of the
visual in consecutive time segments and improve the ability
to discriminate between background and event. PTRF encodes
the correlation of the dual-modality in the time dimension,
filters the low correlation weights through a threshold, and
uses the correlation weights to gradually update the visual
and audio features via cross-modal residual fusion, and finally
merges the dual-modal features.

II. RELATED WORKS

Many attention mechanisms have been introduced for audio-
visual event localization. Tian et al. [16] first proposed audio-
guided visual attention (AGVA), which expands audio features
and allows audio and visual features to jointly participate
in the generation of spatial attention maps to improve the
performance of event region selection. Xu et al. [18] then pro-
posed an audio-guided spatial-channel attention (AGSCA) that
introduced an attention mechanism on channel positions before
AGVA, and proposed a cross-modality attention mechanism
(CMRA) to explore the event correlation of audio and visual
features. The spatial location of events is not only determined
by the features of the current segment but also related to the
features of its adjacent segments. Therefore, Lin et al. [11]
proposed to use the transformer mechanism to combine the
audio and visual features of the current segment and adjacent
segments. Xue et al. [21] focused on modeling spatial and
semantic correlations. Unlike AGVA, their co-spatial attention

not only selects visual-spatial regions but also updates audio
features.

For learning the consistency of dual-modal features, pre-
vious methods mainly fuse audio and visual features in
pairs. Lin et al. [10] first proposed to combine audio and
visual pairs through the Bi-LSTM network, which generates
global representations of audio and visual features and fuses
them with local representations from CNNs. Wu et al. [17]
proposed a dual-attention matching (DAM) module, which
aims to obtain more event-related information by looking
into longer temporality in the process of fusing paired audio-
visual features. But DAM needs supervision signals for event-
related prediction. Xuan et al. [19], [20] proposed a cross-
modal attention framework, by using adaptive attention to
fuse audio and visual features, in which adaptive attention not
only effectively matches paired audio and visual features, but
also decides to rely on audio or visual according to hidden
correlations.

Since the correlation of audio-visual feature pairs is more
beneficial to AVE localization, Yang et al. [23] proposed
a novel positive sample propagation (PSP) module to filter
the features with low audio-visual correlation to ensure that
the fusion feature is more relevant to AVE. Hu et al. [7]
took a different approach and proposed a Deep Multi-Modal
Attention Network, which converts dual-modal features into a
multi-modal separator and uses the separator to fuse consistent
audio and visual features as the input of the subsequent multi-
modal matching classifier. To summerize, although previous
methods fully consider the spatial and channel dimensions,
they can not use the entire audio and visual sequence to obtain
long-term changes in the region where the event is located. Our
method is able to capture the region where the event is located
in the spatial region localization, and to learn the long-term
variation of this region and meanwhile filter low-correlation
features in the dual-modal fusion module.



III. METHOD

The overall structure of our proposed method is shown in
Figure 2. The visual frames extracted from the video clips are
passed into the visual’s convolutional neural networks (CNNs)
to obtain the feature of the visual segments. The audio clips
are converted into Mel spectrograms and then passed into
the audio’s CNNs to obtain the feature of audio segments.
TSGA is used to fuse the features of two modalities to select
the spatial region of visual feature which is more related to
the event. Then audio feature and new visual feature in time
sequence are encoded by Bi-LSTM. Afterwards, the aligned
audio and visual features will be passed into PTRF. PTRF
encodes features through a dual-branch structure, and then uses
them to generate a temporal correlation matrix. The correlation
matrix will be filtered by a set threshold to retain the weight
of high correlation. The final audio and visual features are
combined with the correlation matrix and updated through the
residual structure. The fusion feature is obtained by adding the
final audio and visual features, and passed to the classification
module to predict whether there is an event in each time
segment.

A. Time-Spatial Guided Attention

Through CNNs backbone of visual, we get the visual
segment features as V ∈ RT×S×Dv , where T is the number
of segments (the duration of a segment is one second), Dv is
the feature dimension, and S = W ×H . Here, W and H are
the width and height of feature map. Through CNNs backbone
of audio, we get the audio segment features as A ∈ R(T×D).
TSGA consists of AGVA and time selection module, see figure
3 for details. The AGVA, proposed by Tian et al. [16], aims to
combine audio and visual features to obtain the feature that is
more related to event. The feature is encoded into the spatial
attention maps of visual to focus on the more critical spatial
areas of the visual. However, when the two modal features
in same segment are inconsistent, audio feature can not assist
in encoding the spatial attention map of the corresponding
visual feature. In order to obtain more effective visual feature
through spatial attention, we design a spatial temporal guided
attention module, which aims to focus on event-related region
in all segments and learn the difference between background
and event. TSGA adds a temporal selection module to select
the attention maps which generated by AGVA and determine
the final spatial region of all segments. Because it considers
the audio and visual features over the whole time sequence,
the final focused spatial region is more effective for AVE
localization. Specifically, we average the spatial dimensions of
visual features are first averaged as Vavg ∈ RT×Dv , and the
temporal selection module then generates a temporal weight
matrix Tm for selecting visual spatial attention maps:

Vvd = WvdVavg + b (1)

Vft = WvtVfd + b (2)

Afd = WadA+ b (3)

Aft = WatAfd + b (4)

Fig. 3. Illustration of the TSGA module. The time selection module which
leverages temporal information and the AGVA module which leverages spatial
information together constitute the selection of visual spatial features.

Tm = softmax(Vft +Aft) (5)

Vd = softmax(TmSmap)V (6)

Where Wvd ∈ RDv×d, Wad ∈ RDa×d, Wvt and Wat ∈ Rd×T

are learnable parameters of linear transformations, imple-
mented by fully-connected layers. Vfd, Afd both remain in the
same hidden dimension, where b is the bias of each layer and
the activation function of each full-connected layer is ReLu.
The temporal weight Tm is obtained through the softmax
activation function. The initial values of Tm are random, and
only one column has a high value after training. By matrix
multiplication with Smap, Tm selects the spatial attention map
on a specific segment, which focuses on the region where the
event is located. The output Vd is obtained by equation (6).

B. Positive Time Residual Fusion

The audio and visual features are paired in time sequence,
and each segment has a visual feature and a corresponding au-
dio feature. While audio features can be combined with visual
features into pairs, we can obtain the features corresponding
to the events in the entire time sequence by modeling the
correlation of all pairs. In the dual-modal fusion module, such
correlation of two modalities plays a huge role in distinguish-
ing whether audio and visual features are consistent in audio-
visual events. Inspired by PSP [23], PTRF also adopts positive



connections and filters the interference of low-correlation au-
dio and visual pairs in the temporal correlation matrix through
a pre-specified threshold. The temporal correlation matrix θt
is obtained by multiplying the features encoded by the two
branches of audio and visual. Due to the features between
segments on each branch being temporally continuous, this
correlation matrix captures the long-term correlation of audio
and visual features.

Cat = WatAin + b (7)

Cvt = (WvtVin + b) (8)

Cvh = BN(tanh(WftCvh + b)) (9)

θt = softmax(CatCvh) (10)

Where Wvt and Wat ∈ R(din×c) are the learnable parameter
full-connected layers, din denotes input feature dimension, the
size of c is twice the size of the event categories, representing
all events and their corresponding backgrounds to enhance the
semantics of features, b is the bias of each layer, and their
activation function is ReLu. Wft ∈ Rc×c is also a fully-
connected layer, which prepares for the subsequent calculation
of θt, and its activation function is tanh. BN is a batch
normalization layer. θt needs to be filtered through a threshold
ε to ensure that the subsequent fusion feature has better
positive propagation, i.e., θt = θtδ(θt). Here, δ(·) is an
indicator function whose output is 1 when the input is greater
than or equal to ε, and 0 otherwise .

Unlike the single-layer structure of the audio branch, the
visual branch has three layers. This is because the visual
branch preserves event-related features and keeps background-
related features at low values, to ensure that the correlation
matrix multiplied by the audio branch is more sensitive to
events.

After that, the audio and visual features are updated by
residual structure. First, we multiply the audio feature with θt
to get a more event-relevant positive feature, which is added
to the visual feature to get the final visual feature Vpaf . Then
we choose Vpaf which is more consistent with audio feature
to fuse with audio feature in the same way to get the final
audio feature Apaf . This residual method can ensure that each
updated feature has more positive information and the final
audio and visual features have higher correlation.

Vpaf = (WvpVin + b) + θt(WapAin + b) (11)

Apaf = (WapAin + b) + θTt Vpaf (12)

Fpaf = Vpaf +Apaf (13)

Where Wvp and Wap ∈ Rdin×din are the parameters of
the full-connected layers. Finally, the fusion feature Fpaf

is obtained by adding the dual-modal features. Due to the
high correlation of the dual-modal features, the fusion feature
has higher values on the segments with high audio-visual
consistency.

C. Localization Classifier

AVEL can be done in either fully-supervised or weakly-
supervised manner. The fully supervised AVEL gives the cat-
egory labels of all time segments of the training sample, while
the weakly supervised AVEL only provides the entire time
sequence of event categories [16]. In our method, different
localization classifiers are employed for these two types of
AVEL tasks.

Fully Supervised AVEL. Our final AVE localization is
achieved through classification. After two fully connected
layers, the output is Y out

fully ∈ RT×Ccate , where Ccate is the
number of all categories. Note that all backgrounds are divided
into one category. The loss function of the final classifier is
the cross entropy (CE) loss.

Weakly Supervised AVEL. Compared with the fully-
supervised classifier, the weakly-supervised classifier has one
more layer of average pooling, because the weakly-supervised
ground truth lacks the label of the time segment. Hence the
final output of the weakly-supervised classifier is Y out

weak ∈
RCcate . Following [18], [23], we adopt the binary cross
entropy (BCE) loss.

IV. EXPERIMENTS

A. Dataset

We evaluate our method on AVE dataset [16] that is publicly
available. It provides 4143 videos with complex scenes and
noisy training conditions. These video contents come from
daily life, including 28 event categories (e.g., motorcycle,
banjo, goat, male speech, etc.) and a background category
contains the background of all events. Each video is 10
seconds in length and is equally divided into 10 segments.
80% of the data is used for training, 10% for validation, and
10% for testing.

B. Implementation Details

Feature Extractor. Before extracting the features of the
video, we sample each one-second segment with 16 frames.
These frames are extracted by VGG-19 [15] pre-trained on
Imagenet [9] to extract visual features. Before extracting the
features of the video, we sample each one-second segment
with 16 frames. The frame-level features are the outputs of
the pool5 layer in VGG-19 with dimensions of 7 × 7 × 512.
We average the features of the 16 frames to get the segment-
level features. For audio, we first transform the raw audios into
logmel spectrograms and then use the VGG-like [6] network
pretrained on AudioSet [4] to extract their acoustic features
with dimensions of 128 for each segment.

Training Settings. We use dropout technique in the linear
layers of PTRF. The probability of an element to be zeroed
in dropout technique is 0.2. In the fully-supervised task, we
set the threshold ε to 0.0599, and in the weakly-supervised
task, we set the threshold ε to be the mean of the result of
multiplying Cvt and Cat, i.e., mean(CvtCat). The batch size
is 128. We apply Adam [8] as an optimizer. We set the initial
learning rate as 0.001.



(a) Example attention results of spatial localization

(b) Example attention results of Audio-visual Fusion

Fig. 4. Visualization analysis. Orange boxes indicate that the segment is an audio-visual event; green boxes indicate that the segment is the background;
yellow boxes indicate that the segment prediction does not match the ground truth.

TABLE I
EVENT LOCALIZATION ACCURACY (%) OF DIFFERENT METHODS IN BOTH

FULLY-SUPERVISED AND WEAKLY-SUPERVISED SETTINGS.

Method Fully-supervised Weakly-supervised
AVEL [16] 72.7 66.7
AVRB [13] 74.8 68.9
AVIN [12] 75.2 69.4

AVSDN [10] 75.4 74.2
AVT [11] 76.8 70.2

CMRAN [18] 77.4 72.9
CMAN [20] 77.1 75.7
MTNLI [5] 77.9 76.2
LSSC [21] 76.5 70.2
PSP [23] 77.8 73.5

Ours 78.3 72.1

C. Quantitative Analysis

1) Comparison with state-of-the-arts: We apply our audio-
visual long-term correlation network in supervised and

weakly-supervised AVE localization. For fair comparisons,
we compare our method with existing methods that fulfill
both fully-supervised and weakly-supervised AVE localization
tasks. The results of these state-of-the-art methods come from
their published papers. The comparison results are shown in
Table I. As can be seen, our method achieves the highest
accuracy in the fully-supervised task, and is higher than the
baseline model in [16] by 5.6%. Our method is also effective
in weakly-supervised tasks, achieving an accuracy 5.4% higher
than that of the baseline model. In the fully-supervised task,
our network better handles the associated features distributed
in the time sequence, but in weakly-supervised tasks, the
ability of the model to capture long-term related features is
weakened due to the inability of supervised signals to give
segment-level positive feedback.

2) Ablation studies: To investigate the effectiveness of dif-
ferent components of our model, we conduct ablation studies



TABLE II
ABLATION STUDY RESULTS (%) OF OUR METHOD.

AGVA TSGA PTRF Fully Weakly

✓ 75.0 70.5
✓ ✓ 77.8 71.4

✓ 76.1 71.2
✓ ✓ 78.3 72.1

of main components in both fully supervised task and weakly
supervised task. In the experiments, we keep the same settings
for each model. The role of AGVA and TSGA in the model
is to select the feature of the video in the spatial area, so we
verify the effectiveness of TSGA by comparing them. As can
be seen from the results in Table II, regardless of whether
PTRF is added or not, the performance of TSGA is better
than that of AVGA. We add Vin and Ain directly in those
network models without PTRF. As shown in Table II, the
fusion strategy of PTRF can significantly improve the accuracy
of the aduio-visual event localization.

In PTRF, the threshold ε determines which weights in
the time correlation matrix are filtered. Table III shows the
influence of different ε on the model. We range from 0 to
0.2 for ε. We found that when ε is 0.0599, the accuracy of
the fully-supervised model is the highest. For the weakly-
supervised model, due to the lack of time sequence segment
tags, the time sequence correlation information obtained by the
model is not sufficient, and the relation between each segment
is not stable enough in the iterative process. Therefore the
externally fixed threshold is not as effective as the threshold
learned by the model itself.

TABLE III
RESULTS (%) OF OUR METHOD UNDER DIFFERENT THRESHOLD ε

threshold ε
0.000 0.0599 0.0099 0.1599 0.1999 mean

fully 76.3 78.3 77.6 75.2 76.3 76.3
weakly 71.1 71.8 71.0 69.7 71.3 72.1

D. Qualitative Analysis

We visualize the results of our model and the baseline AVEL
model in Figure 4. The attention map used inTSGA(a) is
Smap in TSGA. The attention map in TSGA(b) is obtained
by multiplying Smap and Tm.

Spatial Localization. For the audio-visual event in Figure
4(a), the ukulele playing takes place on the hands and on the
ukulele. However, the spatial position where AVEL focuses
on is inaccurate and too small (only on the player’s shoulder
which is above the location of the audio-visual event). In
contrast, our method is more accurate in spatial localization
and the region of interest almost exactly corresponds to the
location of the entire event. Comparing AVEL and TSGA(a)
in Figure 4(a), We find that AGVA performs better in TSGA
than in AVEL. As stated above, Smap is able to capture

more event-related information in our method. This suggests
that our learned long-term correlations can tune the Smap to
improve the accuracy of spatial region localization. Not only
that, TSGA(b) in Figure 4(a) which is the final attention map
of TSGA aligns the attention regions of each segment of the
video. Besides not only ensures that the model can capture
the region related to audio-visual events but also allows the
model to learn continuous changes in the region.

Audio-visual Fusion. Singe modality cannot accurately
identify audio-visual events. As shown in Figure 4(b), the
audio events of the helicopter occur all the time but the
visual events of the helicopter only appear in the last three
segments. Therefore, the fusion stage not only needs to obtain
event-related features but also needs to identify whether the
audio and video match. Figure 4(b) shows that AVEL captures
the event-related features of the audio, but fails to recognize
that the video and audio mismatch. However, our method
performs better than AVEL. In the segments of the audio-
visual event, our method locates the area of the helicopter.
And in the background segments, our method can effectively
fuse the audio and visual features and correctly recognize the
mismatch of the audio and visual. In addition, our method
expects to detect the distinction between background and event
by observing continuous changes in specific regions where
audio-visual events occur. As can be seen in Figure 4(b), in
these segments which are background, we still pay attention
to the special area where the helicopter occur in the event
segments.

V. CONCLUSIONS

In this paper, we propose an audio-visual long-term cor-
relation network that incorporates TSGA and PTRF to learn
long-term changes in the region where the event is located to
improve accuracy of AVE localization. In TSGA, we exploit
long-term correlations across time sequence to select region
of visual feature. In PTRF, we generate a temporal correlation
matrix to assist in updating audio and visual features. Our
network performs well on both fully supervised and weakly
supervised AVE localization tasks on the AVE dataset, espe-
cially on fully supervised tasks.
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