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Abstract—With the exponential growth of multimedia data,
leveraging multimodal sensors presents a promising approach for
improving accuracy in human activity recognition. Nevertheless,
accurately identifying these activities using both video data and
wearable sensor data presents challenges due to the labor-
intensive data annotation, and reliance on external pretrained
models or additional data. To address these challenges, we
introduce Multimodal Masked Autoencoders-Based One-Shot
Learning (Mu-MAE). Mu-MAE integrates a multimodal masked
autoencoder with a synchronized masking strategy tailored for
wearable sensors. This masking strategy compels the networks
to capture more meaningful spatiotemporal features, which
enables effective self-supervised pretraining without the need
for external data. Furthermore, Mu-MAE leverages the repre-
sentation extracted from multimodal masked autoencoders as
prior information input to a cross-attention multimodal fusion
layer. This fusion layer emphasizes spatiotemporal features re-
quiring attention across different modalities while highlighting
differences from other classes, aiding in the classification of
various classes in metric-based one-shot learning. Comprehensive
evaluations on MMA ct one-shot classification show that Mu-MAE
outperforms all the evaluated approaches, achieving up to an
80.17% accuracy for five-way one-shot multimodal classification,
without the use of additional data.

Index Terms—Multimodal Masked Autoencoders, Human Ac-
tivity Recognition, Video Masked Autoencoders, Wearable Sensor
Analysis, Cross-Attention

I. INTRODUCTION

Human Activity Recognition (HAR) plays a pivotal role in
design and deployment of intelligent systems across various
domains, ranging from healthcare and assistive technologies
to smart homes and autonomous vehicles [1]-[4]. For in-
stance, precise activity recognition can facilitate collaborative
robots in assisting workers by delivering tools at the right
moment [5].

In the last decade, extensive research in the field of HAR has
been fueled by the spread of smart devices equipped with built-
in wearable sensors, high-resolution visual devices, and ad-
vancements in artificial intelligence technology. This research
has predominantly centered around the use of unimodal sensor
data, such as wearable sensors [6]-[8] and visual inputs [9]-
[11]. However, unimodal algorithms encounter difficulties in
certain real-world scenarios, especially when it comes to
distinguishing similar activities using a single modality, such
as differentiating between carrying a light and a heavy ob-
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ject [12]. As a response, incorporating additional modalities
to support activity identification and improve overall accuracy
has become a viable and increasingly popular direction.

Multimodal HAR aims to develop models capable of pro-
cessing and correlating information from various modalities
[13]. The use of multimodal representation is anticipated to en-
hance the performance of human activity recognition, as each
modality has the potential to capture distinct and complemen-
tary information. Nevertheless, existing multimodal learning
approaches face two critical challenges in real-world settings.

Firstly, the collection and annotation of multimodal data
is labor-intensive as the number of data modalities increases.
Specifically, when transferring a pretrained multimodal model
to a target dataset with vision modalities, there is a requirement
for a noteworthy amount of annotated multimodal data pertain-
ing to the novel classes in the target dataset for fine-tuning.
In the absence of sufficient labeled multimodal data, the
performance of multimodal classification is likely to decline.

Secondly, since many multimodal approaches contain large-
scale models like ResNet [14] and transformers [15], es-
pecially when dealing with high-dimensional data such as
videos, external pretrained models or extra data are necessary
for model pretraining [10], [16]. Without external pretrained
models or extra data, most multimodal approaches may pro-
duce unsatisfactory results, consequently diminishing their
applicability in multimodal scenarios.

To overcome these challenges, we present a novel ap-
proach named Multimodal Masked Autoencoders-Based One-
Shot Learning (Mu-MAE)(as shown in Fig 1). Firstly, we
introduce one-shot multimodal learning to significantly reduce
the annotation cost associated with multimodality data. In one-
shot multimodal classification, the multimodal samples in the
training and test sets come from different classes, specifically
unseen classes in the test set. The objective of a one-shot
multimodal classification model is to classify an unlabeled
multimodality sample (query) to the unseen class (support set).
Secondly, for efficient multimodal model pretraining without
relying on external data or pretrained models, we propose a
multimodal masked autoencoders with a synchronized mask-
ing strategy for wearable sensor data. These masking strategies
compel the networks to capture more meaningful spatiotempo-
ral features, thereby making multimodal masked autoencoders
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Fig. 1: Illustration of the Multimodal Masked Autoencoders-Based One-Shot Learning (MU-MAE), involving a video modality and two
time series modalities. The MU-MAE framework involves two steps. In the first step, known as the pretraining process, a tube masking
strategy is employed, and then we get representations of unmasked video data, inspired by the VideoMAE framework [17]. Simultaneously,
a synchronized masking strategy is applied to the other two physical sensor modalities. This synchronized masking strategy entails masking
all time series data at the same specific time points. The concatenated representation, including position information, is then fed into the
encoder module to produce the multimodal encoder representation. Subsequently, individual decoders are trained for each modality using
mean square error loss to reconstruct the respective modality data. The second step involves a finetuning process focused on one-shot
multimodal classification. Unimodal feature encoders pretrained in the pretraining process are applied to extract unimodal representations.
The unimodal representations and the multimodal encoder representations are fed into the cross attention multimodal fusion module. This
process produces the multimodal representation, which is then directed into the model-agnostic one-shot learning module for classification.

More details can be found in Section III.

a more intricate yet rewarding self-supervised learning task.
Lastly, we utilize the multimodal representation extracted from
multimodal masked autoencoders as prior information input to
the cross-attention multimodal fusion layer. This fusion layer
highlights spatiotemporal features that require attention across
different modalities while emphasizing differences from other
classes. Further details can be found in Section III.
Contributions. We make the following contributions.

1.We present Mu-MAE, an effective and efficient one-shot
classification model guided by multimodal masked autoen-
coders. Mu-MAE possesses the capability to train a vanilla
multimodal model directly on the multimodality dataset with-
out relying on any pretrained model or external multimodal
data.

2. We design a fusion mechanism that integrates cross-
attention networks with the input of multimodal representation
learned from the task of reconstructing multimodal data.
This integration significantly augments the crucial spatial and
temporal regions within the multimodal representation, con-
tributing to the efficacy of the one-shot learning architecture.
3. We conduct a thorough evaluation of Mu-MAE on the
one-shot data split of MMAct [18], alongside recent multi-
modal approaches, namely HAMLET [13] and MuMu [12]. In
comparison to these existing works, Mu-MAE enhances state-
of-the-art performance without the need for any pretrained
model or additional data, achieving 80.17% for five-way one-

shot classification. Our code and the one-shot data split of
MMAct are available at https://anonymous.4open.science/t/
mu-mae-CACA4.

II. RELATED WORK

Multimodal classification. Earlier multimodal learning ap-
proaches primarily focused on extracting representations from
similar modalities [19]-[21]. For instance, the two-stream
CNN excelled at capturing spatial and temporal features from
visual data [20], while Feichtenhofer’s two-stream learning
model varied data sampling rates to extract spatial-temporal
features [22]. Recent research underscores the development of
multimodal learning methods that effectively leverage com-
plementary features from different modalities to overcome de-
pendencies on single-modality data in modality-specific HAR
models. For example, in [23], they first use attention model
to extract unimodal features, which are then fused to generate
multimodal representations. Challenges persist in efficiently
fusing various unimodal features, leading to the exploration of
different fusion approaches, including early fusion, late fusion,
and hybrid fusion strategies [20], [22], [24]. Simonyan et al.’s
two-stream CNN architecture [20], incorporating spatial and
temporal networks, has been extensively studied and proven
effective in recent works, employing residual connections [25]
and slow-fast network techniques [22]. Other investigations
focus on simultaneous feature fusion from diverse modalities,
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such as video, and wearable sensor modalities. HAMLET [13]
employs a hierarchical architecture with a multi-head self-
attention mechanism to encode spatio-temporal features from
unimodal data in the lower layer and then fuse them in upper
layer. MuMu [12] incorporates an auxiliary task involving
activity group classification to guide the fusion with unimodal
representations. Despite these advancements, the ongoing chal-
lenge in the field lies in dynamically selecting unimodal
features to generate multimodal features. In our Mu-MAE,
we address this challenge using a cross-attention multimodal
fusion module, dynamically highlighting spatiotemporal fea-
tures that require attention across different modalities while
emphasizing differences from other classes.

Masked visual modeling, Masked visual modeling has proven
to be a robust strategy for acquiring impactful representations
by employing a sequential process involving masking and sub-
sequent reconstruction. Although early efforts predominantly
concentrated on the image domain, employing techniques such
as denoised autoencoders [26] and convolutions for inpainting
missing regions [27], recent advancements have expanded
the scope of this methodology to encompass videos. Vision
transformer architectures like BEIT [28], BEVT [29], and
VIMPAC [30] were inspired by language models [31], [32],
opting for the prediction of discrete tokens to glean visual
representations from both images and videos. The introduction
of MAE [33] brought forth an asymmetric encoder-decoder
architecture finely tuned for masked image modeling, whereas
VideoMAE [17] took a distinctive approach by directly recon-
structing pixels in a more straightforward yet highly effective
video masked autoencoder. The evolution in masked visual
modeling signals a notable shift towards direct pixel-level
reconstruction, enhancing self-supervised pretraining in both
image and video domains. Subsequently, VideoMAE V2 [34]
introduced an effective pretraining method utilizing a dual
masking strategy. In this approach, an encoder processes
a subset of video tokens, and a decoder manages another
subset of video tokens. This strategy facilitates the efficient
pretraining of billion-level models in the video domain.
One-shot learning, One-shot learning algorithms are typi-
cally classified into three primary categories: optimization-
based methods [35], model-based methods [36], [37], and
metric-learning-based methods [9], [11], [38], [39]. Among
these, metric-learning-based methods emerge as particularly
promising, as evidenced by their superior performance in prior
studies [9], [11], [39]. Metric-learning-based approaches com-
pute the distance between representations of support and query
samples, utilizing the nearest neighbor for classification. The
fundamental principle involves maintaining closeness between
representations of similar classes while ensuring differentiation
between representations of dissimilar classes. For instance,
MASTAF [11] highlights spatio-temporal features that de-
mand attention for each class, simultaneously accentuating
distinctions from other classes. In our Mu-MAE, we also
leverage the metric-learning-based method. To optimize its
effectiveness, we employ a cross-attention multimodal fusion
module to enhance the differentiation of each class’s spatio-

temporal features, contributing to improved performance in
one-shot classification tasks.

III. PROPOSED METHOD
A. Problem definition

A C-way one-shot multimodal learning problem involves
learning multimodal representation for model-agnostic one-
shot learning, where C' denotes the number of categories in
the support set. Similar to the one-shot learning problem, we
aim to recognize a set of multimodal data into one of given
annotated categories, by assessing the similarity between pairs
of multimodal representations (R™) from N heterogeneous
modalities, where N denotes the number of modalities.

We use X" = {X7,...,X],..., X%} to denote the raw
feature of N heterogeneous modalities and X stands for raw
feature of ¢ modality. The final goal is to get R™ from X"
and then predict R™ to one of the classes.

B. Approach Overview

Our proposed Multimodal Masked Autoencoders-Based
One-Shot Learning consists of four learning modules (as
shown in Fig 1):

Unimodal Embedding module extracts the representation for
each modality.

Multimodal Masked Autoencoders engages in the pretrain-
ing of each Unimodal representation encoder, extracting the
multimodal representation from both video and physical sensor
modalities, which serves as the q value in the fusion layer
during the finetuning process.

Cross attention multimodal fusion module integrates rep-
resentations of all modalities through the utilization of cross-
attention mechanisms.

Model-agnostic one-shot learning module classifies a query
multimodal instance based on the similarity between the
representation of the query and the representation of each class
in the support set.

C. Unimodal Embedding module

In the Mu-MAE model, the goal of the unimodal embedding
module is to learn the spatio-temporal representations for each
modality. We use f2 = {ff,....f,....f%} to denote the
unimodal embedding module of N heterogeneous modalities
and f; stands for unimodal embedding module of 7 modality.

Given a raw feature extracted from the ¢ modality, X,
let U; denote the representation learned from the unimodal
embedding module:

Ui = fL(X7). (1)
D. Multimodal Masked Autoencoders

The multimodal masked autoencoders module has two pri-
mary objectives. Firstly, it aims to train a vanilla unimodal
embedding network for each modality directly on the multi-
modal dataset, without any pretrained models. Secondly, the
multimodal representations extracted from the reconstruction
task serve as prior information for the efficient fusion of
multimodal representations in one-shot classification tasks.



As shown in Fig 1, we first adopt a tube masking strat-
egy and then get the representation of unmasked video
data R, ., inspired by the approach employed in the
VideoMAE framework [17]. Then for other physical sensor
modalities, we utilize the synchronized masking strategy to
get the representations for each unmasked sensor data. We use

inmask = [Riﬁmask;'“/Ri’;mask;"'7Rz,7f,vn:alsk] to denote
the concatenated representation of all the unmasked sensor
data, which RZ’;mas «. denotes the representation of 4+ unmasked
sensor data. The synchronized masking strategy involves si-
multaneously masking all time series data at the same specific
time points. This approach is helpful for mitigating infor-
mation leakage during masked modeling and make masked
time series data reconstruction a meaningful self-supervised
pretraining task. Then we get the concatenated representation
with position information of all the unmasked modality data
as:

;nnmask = [Ranask + PU; Ranask + PS]7 (2)

which PV and P® denote the position information of video
and other sensor modalities.

Multimodal Masked Autoencoders Encoder is based on the
ViT architecture [40], exclusively applied to visible, unmasked
patches, inspired by the approach employed in the VideoMAE
framework [17]. We use fencoder to denote the multimodal
masked autoencoder encoder. Then we compute the represen-

tation R} . .., extracted from encoder as:

Z;Lcoder = fencoder( Zzw,mask)' 3)

Utilizing a masking strategy provides the benefit of training
large encoders while requiring less computational resources
and memory.

Multimodal Masked Autoencoders Decoder is designed
in a light weight setting following the design in the video
domain [17], which could significantly reduces pretraining
time. We use fgecoder to denote the multimodal masked
autoencoder decoder. Then we compute the representation
R} oder €Xtracted from encoder as:

;rl,Z;,coder = fdecoder(RZ;deET). 4)

After that, we employ the Mean Squared Error (MSE) loss
as the loss function for tasks related to the reconstruction of
multimodal data.

E. Cross attention multimodal fusion module

We use the representations from multimodal masked au-
toencoders encoder as prior information, R} ..., to extract
multimodal representations. One benefit is to highlight spatio-
temporal features that need attention across different modal-
ities while increasing the differences from other classes. To
compute the attended multimodal representation, we utilize
multi-head cross attention method (as shown in Fig 2). First,
we transforms the extracted unimodal features of the ¢ modal-
ity, U; ,to generate unimodal key (K" ) and value (V,L-“’h)
feature vectors for head h using the following procedure:

K&k = gwih v - gwlh )

Multi-head Cross Attention

Multimodal
Multi-head | 1] Representation
Cross Attention Fusion
Representation (R™)
(R)

Attention —»
Score
(R")

m ‘ Qh
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Fig. 2: Cross Attention Multimodal Fusion Module. R}, . 4., is the
multimodal representation from multimodal masked autoencoders’
encoder.

Representation(U;)

Unimodal

which WiK’h and Wiv’h are learnable parameters. Then,
we transforms the extracted representations from multimodal
masked autoencodelirls’ encoder, R} . ..., to generate the query
feature vectors Q;L’ as:

u,h Q,h
Q‘ - ZZLcoderWi ’ (6)

K2

which WiQ’h is a learnable parameter. Then we use query
feature vectors Q;"h of the ¢ modality for head h to generate
the multimodal representation of the ¢ modality for head has:
QT

L v, (7)

c,h
R;™ = softmax( cap(d®)

7
which d¥ is dimension of K;"h. After that, all the head
multimodal representations of the 7 modality Rf’h are con-
catenated and projected to produce multi-head cross attention
representation of the ¢ modality (R).

R =[R'

(3

o RO, ®)

where W is the projection parameter. Following that, we con-
catenate the multi-head cross attention representations from
all modalities and employ a linear projection to generate the
multimodal representation R™.

R™ =W™R{:..R{:...: RY], 9)
which W™ is a learnable projection parameter.

F. Model-agnostic one-shot learning module

Once we obtain R™, including spatio-temporal features with
knowledge across different modalities, we apply the existing
model-agnostic one-shot learning module for one-shot learning
task. The model-agnostic one-shot learning module assesses
the distance between the representations of support samples
and query sample, and classifies them with the aid of the
nearest neighbor to keep similar classes close and dissimilar
classes far away. We represent the R™ of support class &k as
R{} and the R™ of a query sample as R;". The model-agnostic
one-shot learning module is denoted by f,nc—shot- Then we
compute the one-shot learning representation of support class
k (Sgy) and query sample (S;") as:

S:Z = fone—shot(Rgz), (10)



S;n = fonefshot(R;n)- (1 1)

After that, we compute the probability of predicting S;* as
the class k using one-shot learning representation:
. exp(—Deos(S7", SEY))
Ply = k|Sg") = =& :
> j—1 €xp(—Deos(Sy", ST"))
where D, denotes the cosine distance and P(y = k|S;")
denotes the probability of predicting S;* as the class k €
{1,2,...,C} using one-shot learning representations. C' repre-
sents the number of categories in the support set.
Finally, we use a negative log-probability as the loss func-
tion of the nearest neighbor classifier based on the one-shot
class label:

12)

C

L= logP(y=k|S]").
k=1

13)

IV. EVALUATION
A. Experimental Setup

Datasets. There are no established one-shot data splits avail-
able for one-shot multimodal classification involving both
video and wearable sensors. Thus, we undertake the random
division of classes into meta-training/validation sets and a
meta-testing set within the MMAct [18] for the few-shot mul-
timodal classification evaluation. This data split is presented at
(https://anonymous.4open.science/r/mu-mae-CAC4) for future
research.

After eliminating classes lacking data from all five modal-
ities (video, accelerometer from phone, accelerometer from
watch, gyroscope, and orientation), the MMAct dataset com-
prises 33 activities [18], with an average of over 1,000 data
samples for each activity across all five modalities. These 33
activities are then split into non-overlapping sets, with 23
assigned for use as the meta-training/validation set and 10
designated for the meta-testing set.

Experimental Configuration. Following the evaluation pro-
cess in state-of-the-art one-shot learning algorithms [9], [11],
[41], we evaluate the 5-way 1-shot multimodal classification
task and report the average accuracy over 10,000 randomly
selected episodes from the test set. We compare our results
with two state-of-the-art multimodal classification algorithms,
ie., HAMLET [13], MuMu [12]. In particular, MuMu ne-
cessitates the categorization of all training classes into three
groups, i.e., complex, simple, desk [12]. To accommodate
this requirement, we group the 23 activities into these three
distinct categories. We use ViT-B [40] as our video embedding
network, and 1-D CNN as the unimodal embedding network
for data from other sensor modalities. We use MASTAF [11]
as our model-agnostic one-shot learning module, as it has
demonstrated state-of-the-art performance with the model-
agnostic embedding. The unimodal features from physical
sensor modalities are encoded into 64-sized feature embed-
dings. During the pretraining phase of the multimodal masked
autoencoders module, we extract 16 frames from each video.
In the subsequent finetuning process of MASTAF [11], 8

frames are utilized. The pretraining of the multimodal masked
autoencoders is conducted on 8 NVIDIA RTX A5000 GPUs,
spanning 800 epochs, while the finetuning experiments for
one-shot learning involve 256,000 episodes. PyTorch and
DeepSpeed [42] frameworks are utilized for expedited pre-
training, and finetuning is carried out using Stochastic Gradient
Descent.

B. Comparison with State-of-the-art Algorithms

Table I presents a comprehensive comparison of the overall
5-way 1-shot performance against existing methods on the
MMAct one-shot data split. MASTAF serves as the chosen
one-shot learning module across all algorithms, and the re-
ported average accuracy is based on 10,000 randomly se-
lected episodes from the test set. For the HAMLET method,
we explore two fusion merge types: concatenation-based fu-
sion and summation-based fusion. Both fusion methods are
re-implemented for comparative analysis. Additionally, pre-
trained and trained-from-scratch ResNet 50 [14] and ViT [10]
are included as embedding networks for both HAMLET and
MuMu. In our method, Mu-MAE, we conduct the vanilla
ViT [10] and pretained ViT [17] on the Kinetics-400 as
the video embeding network with varying mask ratios and
decoder depths in the pretraining process, reporting the best
performance achieved with an 85% mask ratio and 4 blocks
of the decoder. As shown in Table I, Mu-MAE without any
external data outperforms trained-from-scratch state-of-the-art
methods, namely HAMLET [13] and MuMu [12], demonstrat-
ing improvements of 40.15% and 35.01% in average accuracy,
respectively. The lower performance of trained-from-scratch
HAMLET [13] and MuMu [12] is attributed to their inability
to leverage ViT [10] model scale without any external data.
In contrast, Mu-MAE, equipped with a multimodal masked
autoencoder, effortlessly scales up with potent backbones (e.g.,
ViT [10]), attaining an accuracy of 80.17% on MMAct [18]
without relying on external data.

Additionally, in the one-shot multimodal learning task, Mu-
MAE with externald data outperforms the pretrained HAM-
LET and MuMu with an imporvement of 5.48% and 3.6%,
reprectively. These improvement highlight Mu-MAE’s capac-
ity to generate spatiotemporal features that demand attention
across diverse modalities, simultaneously amplifying the dis-
tinctions from other classes in one-shot learning.

While Mu-MAE with pretrained ViT [17] exhibits superior
performance compared to Mu-MAE with vanilla ViT, the
slight gap in performance between these two models highlights
the efficacy of our multimodal masked autoencoders in achiev-
ing good performance using only the target dataset without
relying on external data. Our approach reduces computation
costs and resource requirements.

C. Ablation study

As demonstrated in Section IV-B, our Mu-MAE shows bet-
ter performance compared to other state-of-the-art multimodal
classification algorithms in a one-shot scenario, even without


https://anonymous.4open.science/r/mu-mae-CAC4

Method Backbone Extra data Fusion type Accuracy(SD)
ResNet50  no external data sum 41.77(+/-0.97)
ResNet50  no external data concat 42.18(+/-0.97)
ResNet50 ImageNet-1k sum 75.87%(+/-0.81)
HAMLET [13]  p 0050 ImageNet Ik concat  76.05%(+-0.83)
ViT no external data concat 40.02(+/-0.92)
ViT Kinetics-400 concat 78.34%(+/-0.79)
ResNet50  no external data concat 46.02%(+/-0.98)
ResNet50 ImageNet-1k concat 78.65%(+/-0.80)
MuMu [12] ViT no ex%ernal data concat 45.16%(+/-0.94)
ViT Kinetics-400 concat 80.22%(+/-0.84)
Mu-MAE ViT no external data concat 80.17 % (+/-0.78)
Mu-MAE ViT Kinetics-400 concat 83.82% (+/-0.77)

TABLE I: Comparison on 5-way 1-shot benchmarks of MMAct. SD stands for standard deviation. The best performances with or without

extra data are highlighted.

Method
Mu-MAE-scratch
Mu-MAE-without-cross
Mu-MAE

Accuracy
41.21%(+/-0.91)
78.46%(+/-0.81)
80.17 % (+/-0.78)

TABLE II: Comparison results with two variants Mu-MAE for 5-way
1-shot classification on MMAct. The best performance is highlighted.

Mask type Mask ratio Accuracy

random 85% 79.01%(+/-0.82)
synchronized 75% 79.12%(+/-0.77)
synchronized 85% 80.17 % (+/-0.78)
synchronized 95% 78.25%(+/-0.81)

TABLE III: Mask design. Comparison results with different mask
types and mask ratios for 5-way 1-shot classification on MMAct.
The best performance is highlighted.

any external data. We conduct in-depth ablation studies on
MMAct to show the impact of each module.

Multimodal masked autoencoders and Cross attention
multimodal fusion. To explore the effectiveness of the mul-
timodal masked autoencoders, we introduce two comparative
models, namely Mu-Mae-scratch and Mu-Mae-without-cross.
In Mu-Mae-scratch, video representations obtained from the
vanilla ViT [40] and other physical sensor representations
are concatenated and processed through a linear projection
to generate the multimodal representation. Subsequently, this
multimodal representation is input into the MASTAF [11]
one-shot learning architecture. Mu-Mae-without-cross is es-
sentially the same as Mu-Mae-scratch, except for the fact that
the unimodal embedding networks undergo pretraining using
multimodal masked autoencoders.The comparative results are
presented in Table II.

In contrast to Mu-MAE-without-cross, the inclusion of the
cross-attention multimodal fusion mechanism in Mu-MAE
leads to 1.71% performance improvement. This suggests that
representations obtained from multimodal masked autoen-
coders contain valuable spatiotemporal knowledge across var-
ious modalities. Consequently, this enriched information facil-
itates the fusion layer in generating more distinctive features,
thereby improving differentiation from other classes. When
compared to Mu-MAE-scratch, after adding the multimodal
masked autoencoder pretraining process, the other two models

achieve significant performance enhancements. It demonstrates
that the pretraining of multimodal masked autoencoders is
essential for realizing the advantages of the model scale,
especially in larger-scale models such as ViT [10] and ResNet
50 [14].

Masking strategy and mask ratio. In our Mu-MAE design,
we implement a synchronized masking strategy for all time
series sensor data. One advantage of employing a synchronized
masking strategy is to prevent information leakage between
these time series sensor data. To evaluate the effect of the
synchronized masking strategy, we conduct an experiment
with plain random masking, setting the mask ratio at 85%,
as outlined in Table III. The results reveal that Mu-MAE with
the synchronized masking strategy outperforms its counterpart
with plain random masking, achieving a 1.16% improvement
in accuracy. When increasing the masking ratio from 75% to
85% for synchronized masking, the performance on 5-way 1-
shot multimodal classification boosts from 79.12% to 80.17%.
However, when the masking ratio is further increased from
85% to 95% for synchronized masking, the performance on
5-way 1-shot multimodal classification decreases from 80.17%
to 78.25%, which means a 85% mask ratio is a good tradeoff
for 5-way 1-shot multimodal classification on MMAct [18].
These outcomes demonstrate that our synchronized masking
designs make the networks to capture more useful spatiotem-
poral features, making Mu-MAE a more challenging yet
rewarding self-supervised learning task.

V. CONCLUSION

This paper proposes a Multimodal Masked Autoencoders-
Based One-Shot Learning (Mu-MAE). Mu-MAE is a simple
and efficient one-shot multimodal classification framework
without using any extra data for pretraining. Mu-MAE makes
the most of the knowledge learned from multimodal masked
autoencoders and uses a cross-attention multimodal fusion
module to highlight the spatiotemporal features for one-
shot multimodal classification. Mu-MAE outperforms existing
methods (HAMLET and MuMu) by achieving 80.17% for
five-way one-shot multimodal classification, without relying
on pretrained models or additional data.
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