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Abstract

Video action recognition is a challenging but important task to understand and find out what the video

does. However, acquiring labels of video is costly, and semi-supervised learning (SSL) has been stud-

ied to improve the performance even with the small number of labeled data in the task. Prior studies

for semi-supervised video action recognition have mostly focused on using single modality - visuals -

but video is multi-modal so utilizing both visuals and audio would be desirable and improve the per-

formance further, which has not been well explored. Therefore, we propose audio-visual SSL for video

action recognition, which uses both visual and audio together, even with quite a few labeled data that

is challenging. In addition, to maximize the information of audio and video, we propose a novel audio

source localization-guided mixup method that considers inter-modal relations between video and audio

modalities. In experiments on UCF-51, Kinetics-400, and VGGSound datasets, our model shows the

superior performance of the proposed SSL audio-visual action recognition and audio source localization-

guided mixup.
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(a) For video clip A, an Audio Source Localization Model generates the audio source
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tions. Audio mixup is achieved through pixel-level interpolation of Log Mel-filter bank

coefficients. In the teacher model, predictions from an unmixed video clip input are in-
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dio from clip A are processed through an audio source localization model to produce the
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audio information. Consequently, our proposed audio source localization-guided mixup
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I Introduction

Video is considered an important resource for deep learning vision research. Video data of different

lengths and formats has become more readily available as large-scale video content offerings and user

interactions on online platforms increase. This leads to active research on video understanding [1–4] and

among them, video action recognition is one of the challenging tasks [5–7].

Unlike image classification, video action recognition is a challenging task that requires understand-

ing not only spatial but also temporal information. This requires sufficient labeled training data, but

labeling on video data is more difficult and time-consuming than images. Nevertheless, unlabeled video

data is readily available, and semi-supervised learning (SSL) methods using labeled video and large-

scale unlabeled video together are being actively studied [8–11].

Semi-supervised video action recognition research remains less explored compared to semi-supervised

image classification [12–16]. Recent studies in SSL video recognition have actively explored various ap-

proaches beyond just using fixed, flexible, or even not predefined confidence-based thresholds [12,13,15]

as proposed in the SSL image domain. These include leveraging pre-trained networks and large-scale

unlabeled datasets [9,17,18]. In addition, research efforts are increasingly focusing on the utilization of

additional modalities such as temporal gradient [10] and optical flow [19] obtained from video data or

by introducing auxiliary networks [11].

Studies of semi-supervised learning for image and video use random augmentation techniques to

generate weak and strong augmented images or videos, and train the model through consistency regu-

larization using both augmented [9, 11–13, 15]. In this context, weak augmentations typically involve

random flips and rotations, while strong augmentations utilize RandAugment [20] that includes tech-

niques such as CutMix [21], which involves cutting and combining different images, and MixUp [22],

which mixes images through interpolation.

However, SVFormer [9] points out the limitations of mixup and cutmix that do not produce the

expected performance in the video domain, and to overcome these limitations, they propose TubeTo-

ken Mixup and Temporary Warping augmentation methods. However, there is still a limitation that they

cannot actively utilize all its information because only visual information is considered, but not audio

information. In semi-supervised video action recognition, using visual-audio modality has been under-

explored. The only exception is AvCLR [23], which employs audio-visual contrastive learning with

ResNet architecture. However, despite originating from the same video clip, augmentations for video

and audio modalities are conducted individually, without deeply considering the inter-modal relation

between these modalities.

In this paper, we propose ASGM-Former, the transformer-based framework for semi-supervised

audio-visual action recognition with audio source localization-guided mixup. Specifically, we introduce

a novel audio source localization-guided mixup method, designed to preserve the inter-modal relations

that tend to be overlooked when applying mixup or cutmix to video and audio modality. In addition,

we leverage contrastive learning between video and audio modalities in the video clip. Incorporating

audio source localization guided mixup with contrastive learning can achieve substantial performance
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improvements over existing state-of-the-art methods.

In summary, our contributions are as follows:

• We study semi-supervised audio-visual action recognition which has been under-explored. To the

best of our knowledge, we propose, for the first time, a visual-audio semi-supervised video action

recognition approach based on the transformer model. This allows for the maximization of the use

of visual and audio information inherent in videos.

• We propose a novel audio source localization-guided mixup that, unlike mixup or cutmix, pre-

serves the interrelation between the video and audio modalities.

• In experiments, our proposed model outperforms the existing state-of-the-art model on three dif-

ferent benchmark datasets in even challenging scenarios with only a few labeled samples available.
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II Related Works

2.1 Semi-supervised Image Classification

Deep learning-based image classification has achieved significant performance improvements by lever-

aging large-scale annotated datasets [24–29]. However, annotating large-scale image datasets requires

considerable time and resources. To address this, semi-supervised learning (SSL) methods have been

introduced, which use a few labeled datasets and large-scale unlabeled datasets. These approaches aim

to reduce the time and resource consumption for annotations while improving performance. The most

commonly used techniques include consistency learning through data augmentations [30, 31] and the

use of pseudo labels [32, 33]. Consistency learning focuses on training the model to make consistent

predictions across various augmented versions of a single image. In contrast, pseudo-labeling, for exam-

ple using a teacher model or the model itself, involves making predictions on unlabeled data and using

the predicted probabilities as pseudo-labels. Additionally, various studies use consistency learning and

pseudo-labeling together to reduce the bias of pseudo-labels according to certain thresholds. For exam-

ple, FixMatch [12] uses fixed predefined thresholds, FlexMatch [13] employs flexible thresholds, and

FreeMatch [15] uses thresholds that are not predefined but are also flexible.

2.2 Semi-supervised Video Recognition

As the creation and utilization of video data increase across various platforms, research on video under-

standing is becoming increasingly active [1–4, 17]. Among them, video recognition [6, 34–38] is one of

the challenging tasks. Similar to image classification, video recognition requires a large amount of la-

beled data. However, videos have more complex information than images, which needs significant time

and resources for annotations. To address this challenge, various studies have been conducted to extend

semi-supervised learning techniques used in image classification to video recognition [8, 11, 39, 40].

VideoSSL [18] extends the existing semi-supervised image classification methods to the video modal-

ity. In addition, MvPL [19] has introduced a multi-modal approach that leverages optical flows that rep-

resent motion by detailing the instant velocities of images across the horizontal and vertical axes, and

temporal gradients by calculating temporal differences between two consecutive frames. On the other

hand, SVFormer [9] recognizes the limitation that image-based augmentation methods, such as mixup,

do not perform well in the video domain. To overcome this limitation, SVFormer introduces TubeToken

Mixup which is mixing the two different videos at the token level feature. In SSL video recognition,

studies considering video and audio modalities are scarce, with AvCLR [23] being a notable exception.

However, its augmentation methods focus on individual modalities, overlooking the inter-modal rela-

tion between video and audio. Therefore, We introduce a novel approach that employs audio source

localization-guided mixup to bridge this gap, considering the inter-modal relation between video and

audio modality.

3



2.3 Audio Source Localization

Audio source localization is the field of research that combines visual and audio information to identify

the source of audio within the scene [41–43]. Senocak et al. [41] propose the two-stream network archi-

tecture that uses attention mechanisms for visual and audio modalities through unsupervised learning.

Hu et al. [44] introduce multi-source audio-visual sound localization utilizing contrastive learning and

cycle consistency using the synthetic mixture of audio from multiple videos. EZ-VSL [45] proposes

multiple instance contrastive learning for alignment between audio-visual modalities and the object-

guided localization scheme that utilizes an object localization map generated from a pre-trained visual

encoder. FNAC [46] proposes False Negatives Suppression that uses intra-modal similarity to identify

potential false negatives and minimize their negative impact, and True Negatives Suppression that en-

courages more discriminatory sound source localization by highlighting true negatives using different

localization results. We propose an augmentation methodology that utilizes audio source localization to

consider the inter-modal relation of video and audio modalities.
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Figure 1: Overview of our audio-visual semi-supervised video action recognition framework. (a) For

video clip A, an Audio Source Localization Model generates the audio source localization map (ASL

Map), which is used to create a new mask for inter-modal relations. Audio mixup is achieved through

pixel-level interpolation of Log Mel-filter bank coefficients. In the teacher model, predictions from an

unmixed video clip input are interpolated by the mask ratio λ to form pseudo labels for the consistency

regularization loss Lmix in unlabeled data mixtures. This model is continuously updated via the student

model’s exponential moving average. (b) When performing visual-audio contrastive learning, labeled,

unlabeled, and mixed data are all concatenated and used together for calculating the similarities.

III Methodology

In this section, first, we describe the methodologies primarily used in semi-supervised learning. Then, we

introduce the multi-modal video recognition framework that extends to video-audio modalities from the

existing video recognition framework. We then introduce our proposed audio source localization-guided

mixup methodology.

3.1 Preliminaries

In semi-supervised learning, there are few labeled samples and large-scale unlabeled samples. Let DL =

{(xl,yl) : l ∈ [NL]} as labeled dataset and DU = {(xu) : u ∈ [NU ]} as unlabeled dataset where NL and

NU are numbers of samples in labeled and unlabeled dataset respectively, and in general NU ≫ NL.

For the labeled dataset, like the general classification problem, training is conducted through standard

cross-entry loss between predicted probabilities and labels like Eq. 1.

Ls =
1
Bl

Bl

∑
i

H(yl
i, pm(xl

i)) (1)

where Bl is batch size of the labeled data and pm(·) is denoted predicted probability from the model.

In the case of the unlabeled data xu, consistency regularization is used through data augmentation like
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Figure 2: Overview of our Audio Source Localization-guided Mixup Framework. The framework

performs the audio source localization-guided mixup on video clips A and B. For generating the au-

dio source localization map, video clip A is utilized. The video and audio from clip A are processed

through an audio source localization model to produce the localization maps. This generated map is

then used as the weight for performing multinomial sampling without replacement, creating an audio

source localization-guided mask. This mask guides semantically important regions in video A, taking

into account the audio information. Consequently, our proposed audio source localization-guided mixup

allows consideration of the interrelation between video and audio modalities sharing the same video clip.

For audio A and B, log mel-filterbank coefficients are transformed and interpolated at the pixel level.

The resulting mixed video and audio are then used as input for prediction.

weak-augmentation αvid(·) (e.g., random flip or rotation) and strong-augmentation Avid(·) (e.g., Ran-

dAugmentation [20]). Throughout these two different levels of augmentation, consistency learning is

conducted for unlabeled data like Eq. 2.

Lu =
1

Bu

Bu

∑
i

H(p̂m(αvid(xu
i )), pm(Avid(xu

i ))) (2)

where Bu is the number of unlabeled data in batch and p̂m(·) can be predicted probability from the Mean

Teacher model or model itself by freezing the parameters. And let p̂m(αvid(xu
i )) as q̂u

i and pm(Avid(xu
i ))

as Qu
i . In this case, the predicted probability served as the pseudo label is not reliable so FixMatch [12]

proposes using fixed threshold τ for remaining confidential probability as the pseudo label like Eq. 3.

Lu =
1

Bu

Bu

∑
i
1(max(q̂u

i )≥ τ)H(q̂u
i ,Q

u
i ) (3)

where 1(·) is the indicator function.

Unlike the fixed threshold approach which uses a single threshold for all classes, the flexible thresh-

old approach in FlexMatch [13] sets and updates different thresholds for each class. In Eq.3, τ is replaced

6



with T = [τ1, · · · ,τc], where c is the number of classes. The flexible threshold for each class is repre-

sented by τ(argmax(q̂u
i )), where argmax(q̂u

i ) identifies the class with the highest predicted probability

for a given unlabeled sample.

To update the confidence threshold for each class at the tth step, the learning effect for class c can be

calculated as shown in Eq 4. Here, τ represents the predefined fixed threshold used in FixMatch. After

calculating the learning effect for class c, the confidence threshold for class c is updated as in Equation

5, wherein normalization is applied based on the number of samples surpassing the threshold, about the

class that exhibits the maximal count of such samples. The loss function for unlabeled data, as shown in

Eq.6.

σt(c) =
NU

∑
n
1(max(q̂u

n)≥ τ)1(argmax(Qu
n) = c) (4)

T (c) =
σt(c)

max
c

σt
τ (5)

Lu =
1

Bu

Bu

∑
i
1(max(q̂u

i )≥ T (argmax(q̂u
i )))H(q̂u

i ,Q
u
i ). (6)

3.2 Model Pipeline

Our model follows the state-of-the-art semi-supervised learning framework for video action recognition,

SVFormer [9]. This framework utilizes the consistency loss based on FixMatch, along with augmenta-

tion methods for video modality, namely TubeToken Mix (TTMix) and Temporal Warping Augmenta-

tion (TWAug).

Let two unlabeled video clips as vu
a,v

u
b ∈ RH×W×C×T where (H,W ) is the resolution of the image

frame, C is the number of the channels and T is the number of the frames in the video clip, and let two

embedded vectors Embvid(vu
a),Embvid(vu

b) ∈ RN×(P2·C)×T where P is the non-overlapping patch size

and N = HW/P2 is the number of the embedding patches. For the mixing of two embedded video clips,

token-level mask M ∈ {0,1}(P2·C)×T is utilized as Eq. 7.

eu
mix =Embvid(Avid(vu

a))⊙M

+Embvid(Avid(vu
b))⊙ (1−M)

(7)

where ⊙ is element-wise multiplication.

At this point, SVFormer utilizes tube-style masking which shares the same mask pattern through

all the frames and has consistency in the temporal axis than frame token masking and random token

masking. In the case of TWAug, it is utilized for stretching one frame to various temporal lengths. For

example, given the number of T frames, they select a few frames and pad with chosen frames at the

other frame positions that are not selected. By this TWAug, they argue that the model can learn temporal

dynamics flexibly.
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Although most commonly encountered videos have information consisting of sequences of frames

and corresponding audio information, many studies pay less attention to audio information. Inspired by

this respect, we expand the SVFormer framework to video-audio modalities.

Let unlabeled audio log mel-filterbank feature data as au
a,a

u
b ∈RM×L from corresponding video clips

vu
a,v

u
b, respectively, where L is time-step and M is range of the mel-frequency. For the augmentation, we

use SpecAugment [47] as strong-augmentation Aaud(·). Through the Eq. 8, mixed audio is conducted.

au
mix = λ ·Aaud(au

a)+(1−λ ) ·Aaud(au
b) (8)

where λ is the hyper-parameter that follows the beta-distribution used for the mixup.

The following discussion focuses on the process of learning utilizing video and audio data. Initially,

a [cls] token is concatenated to the previously obtained embedding, and this combined embedding is

then fed into the video encoder Evid . As a result, the output zvid is calculated. Similarly, for audio, after

embedding the audio, it is input into the audio encoder Eaud , resulting in the output zaud . This calculation

is applied in the same way to video clips vu
a,v

u
b and their corresponding audio au

a,a
u
b as well as to the

mixed video and audio obtained from Eq. 7 and 8. This process can be verified through the following

equations.

zvid = Evid([CLSvid ,eu
mix]) (9)

zaud = Eaud([CLSaud ,Embaud(eu
mix)]) (10)

ŷ = FUSION(z0
vid ,z

0
aud) (11)

where z0
vid ,z

0
aud means the first token of zvid ,zaud , respectively, and FUSION(·) means a fusion model

consisting of transformer encoder layers.

In the same manner, by forwarding αvid(vu
a),αvid(vu

b) and au
a,a

u
b into the teacher model, we can

calculate ŷa and ŷb. Then, using the calculated ŷa and ŷb along with λ from Eq. 8, we compute the

pseudo label ȳmix. This is used to optimize the model through the consistency loss as described in Eq.

12.

Lmix =
1

Bu

Bu

∑1(max(ȳmix)≥ τ)(ȳmix − ŷmix)
2 (12)

3.3 Audio Source Localization-guided Mixup

However, we observe that video and audio are augmented only within their respective modalities in

the framework in Section 3.2. This approach does not consider the interrelation between the visual and

audio information, even though they share the same video clip. Therefore, we propose the novel audio

source localization-guided mixup. If the mask is generated through sampling from the audio source

localization map and provided as the guide, the relationship between video and audio can be considered

when performing the mixup.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 3: Visualization of the TubeToken mask and our proposed Audio Source Localization-
guided Mask. When an original image (a) is provided, applying the TubeToken masking generates a

mask with a random pattern (b). The created TubeToken mask is then utilized to produce a masked im-

age, as shown in (c), which is used as input in SVFormer. Sampling this TubeToken mask 255 times

allows for the observation of a random average TubeToken Mask, as seen in (d). In contrast, our pro-

posed method involves creating the audio source localization-guided mask. This process starts with the

original input (a), from which a localization map is generated, as shown in (e). This map is then em-

ployed as a weight for sampling, leading to the generation of the audio source localization-guided mask

(f). Applying this mask to the original input results in a modified input, as depicted in (g). Furthermore,

similar to the TubeToken mask, sampling the mask 255 times produces a result like (h). This process

enables the capture of areas where the audio source is located, allowing us to consider the interrelation

between the visual and audio modalities and perform the mixup accordingly.
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We introduce the audio source localization model that is composed of a visual encoder Eas
vid(·) and

an audio encoder Eas
aud(·). For vu and au sharing a video clip, Avid(vu) is feed into Eas

vid(·), and Aaud(au)

is similarly feed into Eas
aud(·).

As a result, the visual feature fvid and the audio feature faud are calculated. To compute their re-

spective attention maps f attn
vid and f attn

aud , we perform matrix multiplication on the transposed features as

shown in Eq. 13. Subsequently, we generate the final audio source localization map MAP using dot

product operations as outlined in Eq. 14.

f attn
vid = ( fvid)( fvid)

T , f attn
aud = ( faud)( faud)

T (13)

MAP =( f attn
vid )( f attn

aud )
T (14)

Building upon this, we can construct the novel mask Mas to replace the token-level mask M utilized

in Eq. 7. We interpolate MAP to align with the dimensions of Embvid(vu), resulting in an interpolated

map denoted as MAP′. By normalizing MAP′ with min-max normalization, we provide a basis for prob-

abilistically selecting locations likely to contain the audio source. Employing multinomial distribution

probabilities, we sample without replacement using MAP′ as weights. This process generates the new

mask Mas, allowing us to retain (λ ·N) tokens of Embvid(vu) for use. We visualize the differences

between our proposed audio source localization-guided mask and the TubeToken mask in Figure 3.

3.4 Visual-Audio Contrastive Learning

To align visual and audio information, we employ a visual-audio contrastive learning loss. This approach

utilizes the embeddings z0
vid and z0

aud , obtained from Eq. 9 and 10, respectively. Considering labeled,

unlabeled, and mixed data, we define the video embeddings matrix Zl
vid ,Z

u
vid ,Z

m
vid in Eq. 15, where i∈ [Bl]

and j ∈ [Bu]. A similar definition applies to the audio embeddings matrix Zaud .

First, we perform L2 normalization on Zvid and Zaud . The similarity between video and audio is then

computed using matrix multiplication as shown in Eq. 17, resulting in the visual-audio similarity matrix

S.

Zvid = [zl0,1
vid , · · · ,z

l0,i
vid ; zu0,1

vid , · · · ,z
u0, j
vid ; zm0,1

vid , · · · ,zm0, j
vid ] (15)

Z′
vid =

Zvid

∥Zvid∥2
, Z′

aud =
Zaud

∥Zaud∥2
(16)

S =
1

0.05
·Z′

aud(Z
′
vid)

T (17)

Subsequently, we compute the visual-audio contrastive loss Lc using the noise-contrastive estimation

loss applied to S.
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NCE1 =− 1
K

K

∑
i=1

log

(
eSii

∑
K
j=1 eSi j

)
(18)

NCE2 =− 1
K

K

∑
i=1

log

(
eSii

∑
K
j=1 eS ji

)
(19)

Lc =
NCE1 +NCE2

2
(20)

Here, K denotes the number of elements in Zvid and Zaud .

3.5 Training Objective

Our proposed model requires four main types of loss functions for training. These include the supervised

learning loss (Eq. 1), the consistency regularization loss for unlabeled data (Eq. 6), and the contrastive

loss for aligning visual and audio modalities (Eq. 20). Additionally, we utilize a consistency regulariza-

tion loss for a mixture of unlabeled data, guided by audio source localization mixup (Eq. 12). The total

loss used for training is formulated as follows:

Ltotal = Ls + γ1 ·Lu + γ2 ·Lmix + γ3 ·Lc (21)

where γ1,γ2, and γ3 are the hyper-parameters for balancing the each loss.
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IV Experiment

In this section, we first explain the experimental setting. Next, we analyze the experimental results

conducted with different numbers of labeled data on different datasets and discuss ablation studies.

4.1 Experimental Setting

Datasets We conduct experiments using three datasets: UCF-51 [48], Kinetics-400 [49], and VG-

GSound [50]. UCF-51 is a refined subset of the UCF-101 dataset, comprising 51 classes that include

audio, consisting of 4.9K training samples and 1.4K test samples. Kinetics-400 covers 400 categories,

each with approximately 10-second-long videos, amounting to 240K training samples and 20K vali-

dation samples. For this dataset, samples without audio are filtered out. VGGSound is composed of

around 200K videos, each about 10 seconds in length, and provides annotations for 309 categories. Af-

ter excluding unavailable videos, we have 183,730 training samples and 15,446 test samples. Before the

experiments, the UCF-51, Kinetics-400, and VGGSound datasets are split to ensure each class contains

1 and 5 labeled data samples, respectively. Using 1 labeled data sample per class is a more extremely

challenging experimental condition, which has also been used in semi-supervised image classification

studies [15,51]. Additionally, using 5 labeled data samples per class is similar to other studies [9,11,19]

that take a 1% labeled samples setting, which uniformly uses only six labeled samples per class, despite

the dataset being imbalanced.

Evaluation metric For evaluation, we use the accuracy of video action recognition.

Baselines We use the prior study SVFormer [9] and the state-of-the-art audio-visual semi-supervised

action recognition, AvCLR [23], as our baselines. However, in the case of AvCLR, the implementation

codes are not public so we report the reported results of their study. Additionally, we employ a model

that modifies the fixed threshold used in the original SVFormer to a flexible threshold. The majority of

the hyper-parameters are set up identically to those in SVFormer.

4.2 Implementation Details

For training, we follow the settings of SVFormer. All experiments are conducted with two NVIDIA

A100 80GB GPUs. We utilize the FNAC [46] as the audio source localization model. FNAC is a two-

stream network comprising two ResNet-18 models, serving as the visual and audio encoders, respec-

tively. During the training phase, we use a version of FNAC that has been pre-trained on the Flickr-1K

dataset [52] without object-guided localization. This model is kept frozen and is not further trained dur-

ing our training phase. We set the ratio between labeled samples and unlabeled samples as 1:5 in the

mini-batch following SVFormer’s setting. Also, we use an SGD optimizer for training, with a momen-

tum of 0.9 and a weight decay of 0.001. The values of γ1 and γ2 are set to 2, while for γ3, we select

the optimal value from {0.1, 0.2, 0.3}. Additionally, for the masking ratio λ , we sample from the beta

12



distribution Beta(α1, α2), setting α1 to 5 and α2 to 10. This is because guided by audio source local-

ization, it is acceptable to take a smaller ratio of the video for creating the localization map due to the

selection of significant regions. During the testing phase, the entire video is uniformly divided into five

parts, and we perform cropping three times to cover most areas of the video clip, each with a size of

224×224. For the final testing prediction, we averaged a total of 15 predictions, obtained by performing

the aforementioned three crops five times per video clip.

Model Backbone Input Epoch Threshold Type Mask Type
UCF-51 Kinetics-400 VGGSound

51 255 400 2000 309 1545

AvCLR [23] 3D-Resnet50 V,A 800 Fix - - 50.1 - - - -

SVFormer [9] ViT-B V 50 Fix TubeToken 60.75 87.71 16.01 46.93 14.87 37.70

SVFormer [9] ViT-B V 50 Flex TubeToken 63.58 86.63 16.69 47.62 15.98 36.72

Ours ViT-B V,A 50 Flex ASL-Guided 72.58 89.09 19.12 48.64 17.49 38.00

Table 1: Comparisons with state-of-the-art methods on UCF-51, Kinetics-400, and VGGSound.
Note that AvCLR is based on a CNN architecture, while SVFormer and our method are based on a

Transformer architecture. Regarding inputs, ’V’ represents the video modality, and ’A’ denotes the audio

modality. In threshold type, ’Fix’ means fixed threshold proposed by FixMatch [12], and ’Flex’ indicates

flexible thresholding of FlexMatch [13]. In terms of mask type, ’TubeToken’ refers to the TubeToken

mask strategy proposed by SVFormer [9], and ’ASL-Guided’ stands for Audio Source Localization-

Guided, which is our proposed method. The numbers below each dataset indicate the total number of

labeled data samples during the training phase.

4.3 Main Results

The main experimental results on UCF-51, Kinetics-400, and VGGSound datasets can be found in Ta-

ble 1. Compared to previous methodologies, our proposed method demonstrates superior performance.

Specifically, on the UCF-51 dataset, using only one labeled sample per class, we achieve an absolute

performance improvement of 9.00% accuracy and also a relative accuracy improvement of 14.1% over

the SVFormer, which only uses video modality with flexible thresholding. Moreover, on Kinetics-400,

our model outperforms SVFormer by 2.43%p and 15.56%, and on VGGSound, we achieve 1.51%p

and 9.45% higher performances in the absolute and relative accuracy improvement, respectively. Even

though the gains become smaller when considering performance with the 5 samples per class which is

easier, our approach still outperforms baselines and improves the performance. These results demon-

strate the effectiveness of our proposed audio source localization-guided mixup method in considering

the inter-modal relation between video and audio modalities.

Our method, which utilizes the visual-audio modality in a semi-supervised learning approach while

also considering the inter-modal relation between video and audio, surpassed the state-of-the-art AvCLR,

which is CNN-based, by 38.99%p on UCF-51. To demonstrate that the performance difference is not

solely due to the backbone architecture, but also due to the effectiveness of our proposed methodology,

additional experiments are explored in Section 4.4.
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Input ASL Mask Contrastive Accuracy

V 63.58

V, A 66.72

V, A ✓ 68.52

V, A ✓ 71.55

V, A ✓ ✓ 72.58

Table 2: Ablation study on the use of audio source localization-guided mask and contrastive learn-
ing. ’ASL Mask’ indicates the presence or absence of the audio source localization-guided mask (ASL

Mask), while ’contrastive’ refers to the use or non-use of visual-audio contrastive learning. This experi-

ment is conducted on the UCF-51 dataset using one labeled sample per class. It aims to understand the

effectiveness of our proposed ASL mask and audio-visual contrastive learning.

4.4 Ablation Studies

To understand the impacts of the methods we propose, we conduct the ablation studies on UCF-51.

Analysis of Mask Type and Contrastive Learning We conduct an ablation study to evaluate the

effectiveness of our proposed audio source localization-guided mask (ASL mask) and visual-audio con-

trastive learning. When the ASL mask is not used, the TubeToken mask is employed. First, the results

show that using both video and audio modalities leads to a performance improvement of 3.14 %p. Fur-

thermore, utilizing visual-audio contrastive learning results in an additional performance increase of

1.80%p. Notably, using our proposed ASL mask results in a performance improvement of 4.83%p over

the TubeToken mask. When combined with contrastive learning, this method achieves an accuracy of

72.58%. These findings demonstrate the effectiveness of our audio source localization-guided mixup in

considering the inter-modal relation between video and audio modalities, while the visual-audio con-

trastive learning contributes to further performance enhancements.

Threshold for Pseudo Label We conduct an ablation study to assess the impact of the threshold τ for

generating pseudo labels in our proposed audio source localization guided-mixup method. In this study,

the predicted probability calculated by the teacher model is used as a pseudo label, and we explore how

different τ values affect this process.

During the training phase on the UCF-51 dataset, only one labeled sample per class is utilized. We

observed that a lower threshold of 0.1 generally results in most predicted probabilities being used as

pseudo labels. However, this can lead to performance degradation due to the accumulation of bias from

low-confidence pseudo-labels.

Moreover, ours of the flexible thresholding method proposed in FlexMatch [13] allows us to main-

tain superior performance compared to SVFormer, which also incorporates audio modality, even as τ

increases. Among various τ values, we identified 0.3 as the optimal value and set it for our main experi-
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Figure 4: Performance Impact of Hyper-parameter τ . This figure presents the results of experiments

conducted to explore the performance impact of the hyper-parameter τ . It specifically focuses on the

changes in performance with varying thresholds of τ during training with only one labeled sample in the

UCF-51 dataset.

ments and other ablation studies. The performance variations according to different τ values can be seen

in Figure 4.

Mask Sampling per Varying Frames Inspired by the applications of tube-shaped masks in the video

domain [1, 9], which utilize consistent tokens across time to prevent information leakage from adjacent

frames, we conduct an ablation study on the creation of audio source localization masks with the one

labeled sample per class on UCF-51. This study involves averaging maps generated from adjacent frames

and using these averages for sampling to create masks. Our experiments are designed to test averages

over 1, 2, 4, 8 frames. The results of this experiment can be seen in Figure 5.

From our findings, we observe that contrary to the TubeToken mask approach, generating masks

based on each individual frame achieves the best performance for our proposed audio source localization-

guided masks. This can be attributed to the fact that, while audio source localization maps are generated

for each frame based on both visual and audio information, the visual information varies from frame

to frame. Therefore, when using the average of audio source localization maps generated from different

frames, it can prevent information leakage from adjacent frames during token-level mixup, similar to the

TubeToken approach. This method might be effective for static videos where the audio source location

changes minimally. However, for videos with rapid changes, this averaging approach uses a mean of dif-

ferent audio source locations, which may not accurately represent the true location in dynamic scenes.

Consequently, this can lead to significant information loss and, ultimately, a decrease in performance.
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Figure 5: Ablation study on the effect of varying frame counts (1, 2, 4, and 8 frames) on the audio
source localization map. This study evaluates the impact of averaging the localization maps over dif-

ferent numbers of frames before using them in the sampling process.

V Conclusion

In this paper, we introduce a transformer-based semi-supervised multimodal video action recognition ap-

proach. We expand the previous visual framework to the visual-audio framework to leverage the visual-

audio information available from video clips. Furthermore, to overcome the limitations of existing aug-

mentation methods that consider individual modalities, we propose the audio source localization-guided

mixup method. This approach considers the interrelation between visual and audio information. Our

proposed method demonstrates superior performance over the existing state-of-the-art methods on the

UCF-51, Kinetics-400, and VGGSound datasets. As a limitation, our approach depends on the audio

source localization method, but we expect the performance can be improved as the following audio

source localization is improved.
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